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Abstract 

The adoption of conservation farming technologies (CFTs) is advocated by development 

organizations who strive to avert a global environmental food crisis projected by 2050. A 

wealth of research has analyzed the farmers’ uptake of agricultural technology but 

presents various limitations. First is the difficulty in reaching a technology “adopter” 

definition. Second is the lack of contextualization of the farmers’ CFT adoption decision. 

Third, most studies rely on cross sectional analysis, when technology adoption is 

inherently a dynamic process. In this thesis, I apply improved methodologies to 

understand the farmers’ adoption of No-till (NT) and Conservation Agriculture (CA) in 

Mexico. This country is of interest because CA interventions have occurred for over 30 

years; nevertheless, adoption remains low. Using a recall surveying technique, I 

gathered data on the farmers’ uptake of NT and CA for the period 2000-2016. In the 

second chapter, I use a double-step clustering procedure (exploratory factor and 

hierarchical cluster analysis) to identify typical CA adoption pathways and then discuss 

policy tools to promote continuous uptake. In the third chapter, I use a two-step cluster 

analysis (Exploratory Factor and Latent Profile analyses) to classify farmers according to 

their social capital “endowments”. I then use regression analysis to understand how 

different social capital combinations influence NT and CA adoption. In the fourth chapter, 

I use recurrent events modelling (conditional risk set, conditional frailty, and frailty-

mixture) to identify what factors influence the instantaneous adoption risk rate (i.e., 

speed of adoption) for NT and CA. For both technologies, farmers with greater 

economic, human, and social capital endowments show higher (and speedier) adoption 

rates. While these results largely match my expectations, adoption of less-knowledge 

intensive CFTs may require a different asset endowment mix. Beyond studying CFT 

adoption, this thesis calls for a wider reform to achieve fairer global food systems. 

Collectively, this work connects theory and practice and improves our understanding of 

CFT adoption in Mexico.  

Keywords:  Conservation Agriculture; Resource-limited contexts; Social capital 

endowments; Recurrent events analysis; Agricultural policy; Mexico  
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Chapter 1.  
 
Introduction 

Sustaining the health of soils is crucial for human survival and development. This is due 

to soils being the basis for agriculture, a practice that has historically provided the food 

and raw materials that help satisfy people’s most basic needs (Gregorich, Sparling, & 

Gregorich, 2006). Gregorich et al. (2006) illustrate the varying importance of soil quality 

for agricultural productivity over time. At early stages of human societies, soil quality was 

foundational for human maintenance, settlement foundation, and even influenced the 

shaping of social structures. With the onset of the industrial revolution in the 1700s, 

breakthrough developments in machinery and chemical inputs reduced human reliance 

on soil quality. At present, human sustenance depends once again on soil quality as the 

extent of available farmland remains relatively unchanged while the quality of soil 

resources is in decline (FAO & ITPS, 2015; Gregorich et al., 2006). 

There is awareness of a looming food crisis towards the year 2050 (FAO, 2018; 

Gibbon, 2011; Stringer et al., 2020). Derived from population growth and a rising income 

per capita, it has been projected that a 25 to 70 percent increase in current global crop 

production will be required to meet future food demand (Hunter et al., 2017). However, 

due to falling crop productivity levels there are concerns with our ability to match such 

demand. For instance, FAO & ITPS (2015) estimate a 0.3 percent of annual crop yield 

loss globally, with soil erosion being the chief reason. The uncertainties raised by climate 

change – i.e., on water availability, soil temperature, and moisture regimes - further 

complicate the food security challenge (Mbow et al., 2019). The analysts typically pledge 

to one of two strategies to avert such a crisis. First, some believe ingenuity is the only 

limit and so technical knowledge will solve future food shortage problems as they 

appear. The second view advocates for improved land use practices, and for the 

development of agricultural “greener” technologies (FAO & ITPS, 2015; Gregorich et al., 
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2006).1 Whatever the route will be, we are now at a crossroads where a fundamental, 

sustainable shift in global food systems is urgently needed.  

1.1. Ecosystem-based management of agriculture 

In the last few decades, a key shift in agricultural policy worldwide has been towards 

ecological processes for “the management of both farmed and non-farmed components 

of agricultural systems” (Pretty & Bharucha, 2018, p. 35). Also known as “Agroecology”, 

this approach aims to make farmers more productive, profitable, and resource-use 

efficient, while enhancing natural capital (Gibbon, 2011). In 2011, the Food and 

Agriculture Organization of the United Nations (FAO) pledged for a paradigm shift in 

agriculture under the banner of “Sustainable Crop Production Intensification” (SICP). 

The SICP can be defined as “producing more from the same area of land while 

conserving resources, reducing negative impacts on the environment and enhancing 

natural capital and the flow of ecosystem services” (Gibbon, 2011, p. vii). The farming 

techniques listed under the SICP vary according to the social and agroecological 

context, but in all cases depart from the principles associated with the Conservation 

Agriculture (CA) system (Gibbon, 2011). In essence, CA combines three agronomic 

principles: (1) reduced soil disturbance, including minimum-till and no-till (NT); (2) 

permanent soil coverage with at least 30 percent of crop stubble; and (3) diversification 

of cereal and legume crops, either through sequences or in associations (FAO, 2021). 

The reason behind the institutional push for the adoption of agroecological 

production methods is a conviction that they make farmers more productive, improve the 

health of soils, and provide socio-economic benefits (Gibbon, 2011). Profit maximization 

– or expected utility maximization – is chiefly assumed as the principal factor guiding 

farmers’ technology adoption behavior (Weersink & Fulton, 2020), and some studies 

inquire on whether conservation technology uptake naturally translates into higher farm 

profit margins. Knowler (2004), for example, considers the financial assessment of 67 

conservation technologies in the agronomic, structural, vegetative, and management 

categories for Sub-Saharan Africa. The results indicate that 64.2 per cent of 

                                                 
1 Ruzzante et al. (2021) note that the term “agricultural technology” encompasses a wide range of 
farming equipment and techniques, genetic material, and agricultural inputs that aim to improve 
the effectiveness of agriculture.  
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technologies have a positive net present value (i.e., NPC > 0), with the agronomic 

category (i.e., techniques that keep the soil in place including intercropping, mulching, 

and NT) showing a positive net return in 83.3 per cent of cases. Furthermore, a financial 

viability assessment requires consideration of heterogeneities across farmers and 

production systems. To this purpose, Pannell, Llewellyn, & Corbeels (2014) modeled the 

net present value of CA adoption for three, 10, and 20-year planning horizons, with 

varying farmers’ discount rates, farm size, and combinations of the three CA principles. 

The results indicate that CA is only profitable for larger farms (i.e., ≥ 6 has), after 

controlling for crop prices, discount rates, and dynamic yield changes.  

The social benefits attributed to CA adoption are typically in the realm of 

ecosystem services provision. Blanco-Canqui & Ruis (2018), Powlson et al. (2014), and 

Six et al. (2002) concur that NT farming contributes to soil organic matter build-up, which 

- by improving soil structure - translates into reduced soil erosion and runoff, enhanced 

underground water quality, greater biodiversity, and improved nutrient cycling. These 

effects, however, seem highly dependent on the duration of NT management, soil type 

(i.e., clay vs silt), and weather (i.e., tropical vs temperate). The value of CA for climate 

change mitigation is still under debate, with some authors reporting significant soil 

carbon sequestration effects (Govaerts et al., 2009; UNEP, 2013), while others reporting 

that soil carbon sequestration occurs mainly in the soil surface, and not uniformly across 

soil depth levels (Powlson et al., 2014).  

The potential business and social benefits from CA may be the main engine 

behind its accelerated global spread, and so regions that show low adoption rates are a 

reason for concern in the literature. Kassam, Friedrich, & Derpsch (2019) estimate that 

CA use dramatically increased in the period 2008-2016, from 106 M ha to 180 M ha or 

just over a 5 per cent of global cropland in just a few years. At the same time, in 

2015/2016 South America had 38.7% of global cropland under CA, North America 35%, 

Australia and New Zealand 12.6%, Asia 7.7%, Russia 3.6%, Europe 2%, and Africa 

0.8% (Kassam et al., 2019). A few studies attempt to identify common determinants of 

CA uptake across studies and, with a few exceptions (i.e., social capital and credit 

access), have found no variables that regularly explain adoption (Knowler & Bradshaw, 

2007; Ruzzante, Labarta, & Bilton, 2021). To this day, the question put forward by 

Knowler & Bradshaw (2007) remains a valid one: if indeed, CA is “environmentally 
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profitable”, what factors – perceived profitability, biophysical constraints, or institutional 

factors – are preventing farmers from adopting? (p. 29). 

1.2. Gaps in agricultural technology adoption research 

A wealth of research has been devoted to understanding agricultural technology 

adoption and diffusion in the Global North and South. These studies are conveniently 

synthesized in the work by Feder, Just, & Zilberman (1985), Pattanayak, Mercer, Sills, & 

Yang (2003), Knowler & Bradshaw (2007), Baumgart-Getz, Prokopy, & Floress (2012), 

Wauters & Mathijs (2014), Burton (2014), Liu, Bruins, & Heberling (2018), and Ruzzante 

et al. (2021). These syntheses report a general difficulty in establishing a precise 

quantitative definition of technology “adopter” across studies. Indeed, most empirical 

research uses a dichotomous (i.e., adopter/non-adopter) approach to the dependent 

variable. However, this approach is limited for technologies that are introduced as a 

package of several components. In the case of CA, for example, farmers may choose 

from any combination of its three principles, and understanding this decision is more 

informative than a simple yes or no response (Knowler, 2015).  

A second limitation in technology adoption studies is the prevalence of the 

“economic constraints” paradigm. This postulates that utility-maximizing farmers opt to 

invest in technologies largely as a function of the resource endowments available to 

them (Ruzzante et al., 2021). Reflecting on the much broader nature of the elements 

that drive land degradation and uptake of agricultural technology, Feder et al. (1985), 

Doss (2006), and Cordingley et al. (2015) advocate for a contextualization of the 

adoption decision. In particular, a “Practice Theory” approach focuses on the context 

that frames and interacts with individual agency, ultimately leading to new, transformed, 

or disappearing practices (Shove, Pantzar, & Watson, 2012). According to Swinburn, 

Egger, & Raza (1999, p. 565), these contexts include “physical, economic, political, and 

sociocultural” environments. While the first three environments have been reviewed in 

the framework of farming practices transformation (see Huttunen & Oosterveer, 2017; 

Mengistie, Mol, & Oosterveer, 2017), the sociocultural environment has been difficult to 

identify and measure due to the intangible and interconnected nature of its elements 

(Swinburn et al., 1999). 
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A third limitation is the use of a cross-sectional approach to model the adoption 

decision, where results are bound to where the technology dispersal process is situated 

along the typical adoption S-curve (Knowler, 2015). This approach is very limited to 

model a process that is, in fact, dynamic. As noted by Doss (2006), farmers do not make 

a simple decision on whether to permanently adopt a technology. In the case of CA, the 

analysis of event dependence is relevant, because adoption decisions in one cropping 

period are likely influenced by decisions made in previous periods. 

Various other shortcomings have been identified in the agricultural technology 

adoption literature, but perhaps the most sound is the failure of researchers to adopt a 

more compatible (i.e., homogeneous) approach that may allow comparisons across 

agroecological regions (Doss, 2006). Addressing this one issue, Doss claims, may give 

introspection into fundamental questions, such as on the influence of the institutional and 

policy frameworks on technology adoption. And perhaps more importantly, on how these 

frameworks can interact with improved technologies to abate farmer poverty.  

1.3. Farmers’ CA adoption and diffusion in Mexico 

Given the vast amount of CA adoption research, Knowler & Bradshaw (2007) question 

whether more studies can lead to more or better insights, or if we are falling instead into 

“diseconomies and redundancy” (p. 45). Based on the research gaps discussed above, I 

set out to identify a study location where new insights could be gained through improved 

modelling of farmers’ adoption behavior. Most of the CA adoption research has focused 

on Sub-Saharan Africa, where combined low agricultural productivity and high rural 

poverty levels call for an urgent change in agricultural systems (Andersson & D’Souza, 

2014; Ruzzante et al., 2021). The results point at a significant trend of semi-utilization, 

modification, and dis-adoption of the CA system, which seem related to conditions 

imposed by the social, cultural, and policy environments (Andersson & D’Souza, 2014; 

Brown, Nuberg, & Llewellyn, 2017). The Latin American case has been less studied but 

presents an interesting contrast between countries with some of the world’s highest CA 

adoption rates (i.e., Brazil, Argentina, and Paraguay) and others with low adoption rates, 

despite having been exposed to decades of CA promotion efforts.  

My goal was to find a region where CA had been present for at least a decade, 

as this would allow me to locate subjects who have experienced the full productivity and 
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profitability effects of the system. In this regard, Pannell, Llewellyn, & Corbeels (2014) 

point out that CA-derived benefits accrue to farmers with longer planning horizons (i.e.,  

10 years). I approached scientists at the International Maize and Wheat Improvement 

Center (CIMMYT) who pointed at two locations with this characteristic in central Mexico: 

Rural Development District 005 (RDD 005) in the state of Guanajuato, and Rural 

Development District 092 (RDD 092) in the state of Michoacan. Indeed, there is registry 

of CA interventions in the Mexican Bajio region during the last 30 years, although 

extension activities in Guanajuato and Michoacan date back to the year 2000 (Martínez-

Cruz, Almekinders, & Camacho-Villa, 2019). In the following section, I provide 

background information on the farming systems found in the study area. This is followed 

by a description of the farmers’ surveying exercise, the data obtained, and structure of 

the PhD thesis corresponding to the identified research gaps. 

1.3.1. Farming systems in the study area  

Mexico houses a variety of agroecological zones distributed across 32 federal entities or 

states. By total area, the predominant climates in Guanajuato are semi-warm (warm) 

with summer precipitations “ACw” with 33.10%; dry, semiarid “BS1k” with 30.89%; and, 

temperate with summer precipitations “C(w)” with 23.46% (INEGI, 2017a). For 

Michoacan, the predominant climates are warm with summer precipitations “Aw” with 

34.08%; temperate with summer precipitations “C(w)” with 28.19%; semi-warm (warm) 

with summer precipitations “ACw” with 20.60%; and, dry, semiarid “BS1(h’)” with 10.59% 

(INEGI, 2017b).2 Again by total area, the predominant soil types in Guanajuato are 

vertisolic (39.59%), phaeozemic (30.78%), and leptosolic with 12.91% (INEGI, 2017a). 

For Michocan, the predominant soil types are leptosolic (19.62%), luvisolic (17.56%), 

vertisolic (15.88%), andosolic (13.85%), regosolic (12.59%), and phaeozemic with 

11.17% (INEGI, 2017b).3 RDDs 005 and 092 are contiguous regions and therefore share 

various geographic characteristics across their southern (for Guanajuato) and northern 

(for Michoacan) state borders. RDD 005 has semi-warm (warm) weather with summer 

precipitations “ACw”, and is predominantly covered by vertisolic soils, and to a lesser 

degree by luvisolic soils (INEGI, 2017a). RDD 092 has temperate weather with summer 

                                                 
2 The Köppen-Garcia climate classification system for Mexico can be consulted at García (2004). 
3 The international soil classification system can be consulted at IUSS WORKING GROUP WRB 
(2015). 



 7

precipitations “C(w)”, and is predominantly covered by vertisolic soils, followed by 

luvisolic soils, and to a lesser degree by leptosolic soils (INEGI, 2017b). It is worth noting 

that vertisolic, phaeozemic, luvisolic, and andosolic soils are generally considered to be 

fertile, and thus suitable for crop production (IUSS WORKING GROUP WRB, 2015). 

For Guanajuato and Michoacan, non-perennial agriculture is structured in two 

seasons, which largely dictate crop pricing and commercialization within Mexico (SIAP, 

2018a, 2018b). The first cropping cycle is the Fall-Winter (i.e., the “dry” season), which 

takes place from October to March. The second cropping cycle is the Spring-Summer 

(i.e., the “wet” season), which takes place from March to September (SIAP, 2018a, 

2018b). In Guanajuato, 869,790 hectares are devoted to non-perennial agriculture, 

where 18.69% are cropped during the dry season and 81.31% are cropped during the 

wet season (SIAP, 2018a). In 2018, Guanajuato provided 3.7% of Mexico’s total crop 

production by volume, or the equivalent to 4.6% of the national crop production by 

market value. The main crops produced being maize and sorghum (SIAP, 2018a). In 

Michoacan, 746,320 hectares are devoted to non-perennial agriculture, with 17.87% 

being cropped during the dry season, and 82.13% being cropped during the wet season 

(SIAP, 2018b). In 2018, Michoacan provided 4.3% of Mexico’s total crop production by 

volume, but due to a specialization on high value crops such as avocado and 

blackberries, it accumulated 13.8% of the national crop production value (SIAP, 2018b). 

In a widely cited study, Erenstein (1999) notes that crop production in 

Guanajuato is capital (i.e., machinery) intensive, and the use of external inputs of 

chemical origin is commonplace. From a limited sample of farmers, a 2019 government 

report shows that farming systems in Guanajuato have changed little since Erenstein’s 

work. With regards to seed variety, rainfed agriculture is dominated by creole seed 

(41%) and improved seed (41%) in white maize, sorghum, and bean cropping. For 

irrigated agriculture, the use of certified seed takes the lead with 82% of the cropped 

surface for white maize, sorghum, wheat, strawberry, and barley (AGRICULTURA, 

2019a). Chemical fertilization remains the norm in Guanajuato, being used in 74% of 

rainfed fields for maize, and in 98% of irrigated surface for maize, sorghum, wheat, and 

beans (AGRICULTURA, 2019a). With regards to irrigation infrastructure, 84% is carried 

out using gravity (i.e., furrows) irrigation, and the rest (16%) using sprinkler or drip 

irrigation methods (AGRICULTURA, 2019a). The use of machinery in rainfed agriculture 

is 74%, and 92% in irrigated agriculture, while the national average is 64.05% 
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(AGRICULTURA, 2019a). In general, these statistics suggest the technical level in crop 

production is highly associated with the type of irrigation. There is a high intensity of 

machinery use in Guanajuato versus other regions of Mexico, but also a low technical 

level in irrigation infrastructure and a scant use of agroecological practices. 

Again, from a limited sample of farmers, a 2019 government report provides 

insights into the type of farming systems found in Michocan. Rainfed agriculture is 

dominated by improved seed (47%), followed by creole seed (32%), and certified seed 

(21%) use. For irrigated agriculture, certified seed covers 62% of the surface cropped, 

followed by improved (28%) and creole (10%) seed (AGRICULTURA, 2019b). 

Regarding fertilization practices, 84% of the rainfed area in the farmers’ sample is 

treated with chemical fertilizers, 9% by manure/compost, and 7% by biofertilization. For 

irrigated agriculture, 96% of the surface is treated with chemical fertilizers, and 4% 

through manure/compost or biofertilization (AGRICULTURA, 2019b). Regarding 

irrigation technology, 89% of the cropped surface is irrigated through gravity, and the 

remaining 11% through sprinkler or drip mechanisms (AGRICULTURA, 2019b). 

Machinery is used in 62% of the rainfed agriculture area, and in 83% of the irrigated 

agriculture area (AGRICULTURA, 2019b). In general, farming systems in Michoacan 

resemble Guanajuato in terms of machinery intensity and technical level but are of a 

more mixed nature when it comes to the use of seed and biofertilizers. And remain more 

traditional as evidenced by a heavier reliance on animal traction and manure fertilizer. 

It is also relevant to discuss technological, market, social, and environmental 

contexts/issues that frame farming systems in the study area. A government document 

notes that Guanajuato’s agriculture faces challenges in three main areas: economic, 

structural, and natural resource degradation (AGRICULTURA, 2019a). With regards to 

economic issues, farmers mention difficulties due to expensive production inputs, 

agricultural output price uncertainty, low access to credit, and powerful agricultural 

intermediaries. These factors have contributed to low profitability levels for the average 

farm unit. With regards to structural issues, these include an outdated farming 

infrastructure, low access to extension/training (e.g., only 8% of cropped surface is 

supervised by extension agents), and a highly dynamic farm labour migration. These 

factors lead to a low capacity for technological upgrade in the sector. Regarding 

environmental issues, the water basin is currently overexploited, and climate change-led 

temperature variations have triggered serious pest outbreaks (e.g., the Melanaphis 
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sacchari in 2016). In addition, a lack of work security for old and injured farmers, and 

increased safety issues linked to the presence of organized crime groups have created 

an uncertain workspace. 

For Michoacan, a government document notes a low sector competitiveness due 

to limited financial resource availability, institutional limitations, low profitability, and 

limited market access (AGRICULTURA, 2019b). With regards to financial resources, low 

availability hinders investment in basic agricultural infrastructure and equipment, but also 

technical limitations – due to low access to technology, support services, and training. 

With regards to institutional limitations, lack of financial markets that fulfill the agricultural 

sector needs, low transference of new technologies, and importantly, a lack of social 

cohesion that prevents productive synergies through farmers’ organization and 

cooperation. With regards to profitability, a low price of staple cereals, combined with the 

predominance of small and subsistence (i.e., < 5 has) farm units, hinders technological 

upgrading and lowers profit margins. Market penetration is limited, due to low produce 

quality, unmet sanitary regulations, and weak or broken links in the market value chain.  

1.3.2. Description of farmers’ surveying exercise 

Grootaert & Bastelaer (2002) propose a model of household economic behavior where 

investment decisions are a function of sociodemographic characteristics, physical, 

human, social capital, and other asset endowments, and of the decision context. This 

framework can be used to study farmers’ technology adoption behaviour and thus my 

survey instrument was designed to include variables that consistently appear in the 

technology adoption literature. For farm production systems and farm-household 

demographic categories, I borrowed questions from the studies by D’Emden, Llewellyn, 

& Burton (2006), Dadi, Burton, & Ozanne (2004), and Van den Broeck et al. (2013). For 

social capital variables, I borrowed questions from the studies by Njuki, Mapila, Zingore, 

& Delve (2008), Teshome, de Graaff, & Kessler (2016), and Van Rijn, Bulte, & Adekunle 

(2012) - which largely borrow from Grootaert, Narayan, Jones, & Woolcock's (2003) 

social capital integrated questionnaire. My choice of variables was further reviewed 

using the studies by Knowler & Bradshaw (2007) and Ruzzante et al. (2021), which are 

meta-analyses that investigate farming technology adoption determinants across various 

agroecological regions.  
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I piloted the farmers’ survey in October 2016 with 23 farmers from Guanajuato 

and 17 farmers from Michoacan. This exercise led me to reframe some questions to 

better match local conditions, and to exclude other questions that appeared redundant 

for the study. The final version of the survey was administered to farmers in the period 

from January 2017 to July 2017, on a face-to-face basis, and relied on stratified random 

sampling. The surveying team in Guanajuato consisted of 2 assistants with a bachelor’s 

degree in Agronomy, and me as the lead. In Michoacan, the surveying team consisted of 

3 assistants with a bachelor’s degree in Agronomy, and me as the lead. Both pilot and 

final surveying stages were carried out in accordance with Simon Fraser University’s 

ethical research guidelines under the study number 2016s0235. The final version of the 

farmers’ survey instrument is available in Appendix A. 

The sampling frame for the study was the Program of Direct Support for the 

Farmland (PROCAMPO) farmers’ registry, Spring-Summer 2013 edition (see 

AGRICULTURA, 2018). A sample size estimation with 95% confidence level suggested 

surveying just over 750 farmers in both RDDs. From 18 municipalities in RDD 005, 8 

were surveyed.4 From 15 municipalities in RDD 092, 11 were surveyed.5 A few of the 

non-surveyed municipalities were visited by the surveying team but various farmers 

there expressed having little to not familiarity with the CA system. By the end of July 

2017, I compiled 492 farmer surveys in both RDDs. This sample had to be adjusted 

because two variables related to the scale of farming observations presented abnormally 

large standard deviations. A Mahalanobis distance analysis flagged 17 outlying 

observations leading to a final sample of 475 farmers This sample does not correspond 

to the adoption ratio in the study region, but instead allows for a comparison of 

adopters/non-adopters on a 1:1 basis for more balanced modeling results. 

                                                 
4 In RDD 005 the surveyed municipalities include Acambaro, Cortazar, Jaral del Progreso, 
Salamanca, Salvatierra, Santiago Maravatio, Valle de Santiago, and Villagran. The non-surveyed 
municipalities include Abasolo, Cueramaro, Huanimaro, Irapuato, Moroleon, Penjamo, Pueblo 
Nuevo, Tarandacuao, Uriangato, and Yuriria.  
5 In RDD 092 the surveyed municipalities include Alvaro Obregon, Charo, Chucandiro, 
Copandaro, Cuitzeo, Huandacareo, Indaparapeo, Querendaro, Santa Ana Maya, Tarimbaro, and 
Zinapecuaro. The non-surveyed municipalities include Acuitzio, Madero, Morelia, and Tzitzio.   
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1.3.3. Data and structure of the PhD thesis 

Doss (2006) points out that a strong area of opportunity in understanding farmers’ 

technology adoption behaviour is the use of panel datasets. While the development of 

panel data is a resource-intensive endeavour that would hardly fit the span of a PhD 

program, the recall surveying technique proposed by Besley & Case (1993) can be a 

useful alternative as long as us adoption researchers are aware of its limitations.6 The 

study by Martínez-Cruz et al. (2019) notes that extension and promotion of NT farming in 

Guanajuato and Michoacan can be traced back to the year 2000. Thus, I designed the 

farmers’ survey to capture variations over time for the dependent and some independent 

variables using time “anchors”. The first anchor was the presidency of Carlos Salinas de 

Gortari, which started in November of 1994. The second anchor was the cropping year 

prior to the survey administration (Fall-Winter 2015 and Spring-Summer 2016). Thus, 

any variations in time-varying variables were captured in the survey using the period 

2000-2016. For the remaining variables only data for the year 2016 was captured. 

The results of the survey fieldwork were compiled into a common dataset to be 

used by the three research chapters of this thesis. However, the data used in each 

chapter varied in function of the outlier identification technique as well as on data 

availability for each research objective. In Chapter 2, I used an outlier identification 

criterion of 3 standard deviations to exclude cases where farmers managed highly 

disproportional farmland extensions. Following Grigar, Hatfield, & Reeder (2018) “true 

NT” definition (i.e., where NT is continuously applied for at least three cropping years) I 

used adoption data for the first four years after CA awareness, leading to a sample of 

411 farmers. In Chapter 3, I used data for the year 2016, and a Mahalanobis distance 

technique was used to identify outlier observations from the variables “cultivated land” 

and “animal intensity”. This led to a sample size of 475 farmers from which 398 had 

complete social capital data. For Chapter 4, I applied Mahalanobis distances again and 

used data for the period 2000-2016, leading to a sample size of 385 farmers with 4,065 

                                                 
6 A limitation of recall surveying is that respondents may provide incorrect information by rounding 
data up or down (Fuglie & Kascak, 2001). While this approach may bias the variance of the 
parameter estimates, Fuglie & Kascak (2001) and Matuschke & Qaim (2008) note that estimates 
remain unbiased if response errors are uncorrelated with observed farmers’ characteristics. 
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technology adoption “at risk” years. This resulted in 1,744 adoption events for NT, and 

1,268 adoption events for CA. 

With regards to the structure of the PhD thesis, the research chapters follow a 

complementary approach in the sense that the CA adopter categories identified in 

Chapter 2 are used as dependent variables in the regression models in Chapters 3 and 

4. Furthermore, the social capital “endowments” classes identified in Chapter 3 are used 

as a set of dummy independent variables in the regressions in Chapter 3 – on the link 

between the sociocultural environment and CA adoption, and in Chapter 4 – on the 

instantaneous adoption risk rate (i.e., speed of adoption) for CA. See Figure 1.1. 

 

Figure 1.1. Linking of thesis components 

In Chapter 2, I reflect upon Baudron, Mwanza, Triomphe, & Bwalya's (2007) 

hypothetical pathways towards CA adoption in Africa. As I have discussed, 

understanding the dynamics of technology adoption can provide insights beyond what 

can be achieved from pure cross-sectional analyses. For this reason, I propose a two-

step clustering approach as described by Hair, Black, Babin, & Anderson (2013) to 

empirically establish CA adoption pathways among my farmers sample in Mexico. The 

first step – partitioning stage – is a distance-based hierarchical procedure to identify a 

preliminary set of cluster solutions (i.e., appropriate number of clusters and their mean 

values). The second step – fine-tuning stage – uses the previously generated cluster 

data as initial seed for a K-means non-hierarchical procedure that profiles and validates 

a final clustering solution. In addition to uncovering CA adoption pathways, this approach 

allowed me to discuss policy tools to promote the continuous uptake of CA over time. 
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In Chapter 3, I direct attention to the identification and measurement of the 

sociocultural environment, with a focus on social capital. One issue I encountered is that 

social capital comprises a number of constructs that are inherently abstract (Narayan & 

Cassidy, 2001). Thus, to translate such a concept into an operational measure it 

requires to be treated as a latent variable. Based on the World Bank’s household survey 

(Grootaert et al., 2003), I identified a group of social capital variables in the categories of 

social norms, trust, bonding and bridging social networks. I applied a two-step approach 

consisting of Exploratory Factor Analysis and Latent Profile Analysis to identify social 

capital “classes” or profiles. This analysis allowed me to understand how different social 

capital combinations influence NT and CA uptake. 

In Chapter 4, I model CA adoption dynamics focusing on the instantaneous 

adoption risk rate (i.e., speed of adoption). The literature in this field is almost uniform in 

modelling the time to a first adoption event. An improved approach is the modelling of 

recurrent events, which requires creating a separate record for each interval of time that 

is bounded by an adoption event (Allison, 2014). Following Box-Steffensmeier, De Boef, 

& Joyce (2007) and Xu & Cheung (2015), I resorted to three modelling strategies: 

conditional risk set model, conditional-frailty model, and frailty-mixture, all under the gap 

time (i.e., interevent) specification. I used pooled data versions of these models, with 

standard errors clustered by subject, and I stratified adoption events by number. This 

approach allowed me to understand what variables influence the adoption risk rate and 

controls for potential issues of between-subject random variation (i.e., frailty), within-

subject random variation (i.e., event dependence), and the existence of a cured-subject 

fraction. Finally, in Chapter 5, I performed a combined analysis of the dimensions of CA 

adoption explored in Chapter 2, Chapter 3, and Chapter 4, and discussed the feasibility 

of integrating Mexican farmers into FAO’s SICP paradigm towards the year 2050.  

1.4. Research outcomes and publication plans 

While the writing of this thesis benefits from a complementary approach among three 

research chapters, their different focus allows them to be independently submitted to 

academic publications. Chapter 2, for example, has been published in the book: No-Till 

Farming Systems for Sustainable Agriculture: Challenges and Opportunities (Springer 

Nature), and I have plans to submit Chapter 3 to the Agricultural Systems journal, and 

Chapter 4 to the Agricultural and Food Economics journal. Many of the initial research 
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questions were conceived in papers authored by my senior supervisor (Knowler, 2015; 

Knowler & Bradshaw, 2007), but the refinement of ideas and methodologies, design and 

piloting of the survey, carrying out fieldwork, conducting analysis, and paper writing had 

me as the primary author. Over the course of my PhD, I also contributed to my field as 

an anonymous reviewer for multiple academic journals, a work that has been highly 

rewarding but that is not reported in this thesis. 

I come to this research as a person with a lifelong interest in the root causes of 

poverty and inequality in developing countries. Growing up in a 1980s Mexico that was 

entering head-on into a process of liberalization of the economy, I could see two types of 

marginalized people: Indigenous people, and farmers migrating from rural to urban 

areas. A friend of mine, and former scientist at CIMMYT once told me: “Mexico is a 

blessed place”, when talking about the variety of fruits that one can find there. Indeed, 

Mexico is a place of exceptional wealth not only from its natural resources but also by 

the creative, warm, and hard-working nature of its people. This deeply frustrates me to 

this day when I see a country with such an enormous potential but growing inequality 

levels and carelessness from political leaders. It is not a coincidence that I became a 

development economist, although I detoured for a bit in the business consulting sector. I 

eventually came back to pursue a PhD that links one of the most disadvantaged groups - 

small farmers - to their use of natural resources, and some of the opportunities that a 

globalized food system could perhaps offer to improve their livelihoods. Through this 

thesis my contribution to this goal is minuscule, but one must start somewhere. 

1.5. Statement of interdisciplinary 

The PhD in Resource and Environmental Management is underpinned on the principle 

of interdisciplinarity, from a conviction that improved resource management can be more 

integrally achieved from a complementary sciences approach. In the same spirit, the 

research presented in this thesis is grounded on two interdisciplinary components: 

ecological economics and environmental science. However, policy analysis is offered in 

the three research chapters as well as on the conclusion chapter, thereby adding a third 

disciplinary aspect. The three research chapters depart from a discussion of the 
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ecological economics issue of negative externalities from conventional agriculture.7 

Environmental science is integrated by discussing the implications of FAO’s ecosystem-

based sustainable intensification paradigm, which is grounded on the CA system.8 In 

addition, soil science is required to understand the productivity and environmental 

implications of different CA adoption pathways (e.g., partial, periodic, and sustained 

adoption) taken by farmers. Each paper is accompanied by a statistical or econometric 

technique that models in some way the farmers’ adoption and diffusion of CA. Lastly, the 

papers turn the discussion to the range of policy tools that can be applied to support the 

widespread adoption of CA. 

  

                                                 
7 Among others, these consequences include soil and nutrient erosion, soil salinization, over-
extraction of groundwater, pest resistance buildup, and reduction of biodiversity (Gibbon, 2011). 
8 The ecosystem approach “uses inputs, such as land, water, seed and fertilizer, to complement 
the natural processes that support plant growth, including pollination, natural predation for pest 
control, and the action of soil biota that allows plants to access nutrients” (Gibbon, 2011, p. 9). 
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Chapter 2.  
 
No-till farming systems in resource-limited contexts: 
understanding complex adoption behavior and 
implications for policy 

Reprinted/adapted by permission from Springer Nature Customer Service Centre GmbH: 

Springer Nature, No-Till Farming Systems in Resource-Limited Contexts: Understanding 

Complex Adoption Behavior and Implications for Policy by Pulido-Castanon, J., Knowler, 

D. In: No-till Farming Systems for Sustainable Agriculture by Dang, Y., Dalal, R., 

Menzies, N. (eds) © Springer Nature Switzerland AG 2020. 

Abstract  

The literature on no-till (NT) farming systems has typically relied on cross-sectional 

analyses that apply a binary lens to the adoption decision. There is increasing 

acknowledgment that such an approach masks the realities of farmers’ adoption. In 

resource-limited contexts, for example, uptake has been documented to regularly 

happen in a partial or even a periodic manner. Dynamically, this situation becomes even 

more complex, as most farmers revisit their production decisions with every new 

cropping season. The promised environmental benefits of NT farming systems (such as 

conservation agriculture) depend precisely on their continuous application. Thus, beyond 

promoting uptake, effective policy making should strive towards transforming current 

patterns of disadoption and periodic adoption into long-term adoption (i.e. ‘true’ NT). A 

modern approach to agricultural policy aims to tie incentives to environmental outcomes. 

In this context, a viable policy tool is payment for ecosystem services where payments 

are conditional on the farmers’ continued use of NT. The benefits that sensitive 

agricultural management provides to society may justify this type of incentive. 

Committing policy makers towards this endeavor – not just land managers and 

development organizations – will be crucial. 

Keywords Conservation agriculture, Disadoption, Periodic tillage, Ecosystem services, 

Agricultural policy, Africa, Latin America  
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2.1. Introduction 

While no-till (NT) based farming systems are undeniably gaining prominence in the 

world, the question of what is hindering adoption in some regions still remains critical. 

Unfortunately, while some catastrophic events receive immediate attention, those that 

occur more gradually may not be as easily recognized and, therefore, may not receive 

adequate attention (Kassam et al. 2014). For example, fast-track progress in 

international law was triggered by the Chernobyl nuclear disaster in 1986 (see 

Rautenbach et al. 2006). The challenge with an arguably equally disastrous issue – soil 

degradation – is that it occurs gradually, and in addition, is masked using chemical 

fertilizers and other non-organic means of boosting yield. One measure to sustainably 

intensify crop production is the “ecosystem approach” in agricultural management, which 

uses inputs such as land, water, seed, and fertilizer, to complement the natural 

processes that support plant growth (Gibbon, 2012). Such approach is underpinned by 

the principle of minimum soil disturbance or NT (Gibbon, 2012), and for this reason 

conventional extension programs have strived at persuading non-adopters to join the 

adopter team. Unfortunately, the issue at hand is more complicated. Evidence from 

countries in Africa and Latin America demonstrates that there exists a spectrum of 

adopter categories (from partial to full users), some with legitimate reasons for not fully 

switching to soil conservation practices. 

Many studies show that NT farming systems often improve ecosystem service 

delivery (see Palm et al. 2014). For example, through the widespread uptake of NT, the 

micro-level changes induced by adoption (such as raising organic matter content in the 

soil) can be upscaled to macro-level effects such as increases in groundwater recharge, 

flood prevention, and improved water quality (Palm et al. 2014). There is evidence that 

where institutional conditions are adequate (e.g. participatory technology development 

and access to knowledge, machinery, and complementary inputs), agricultural 

innovations are generally welcomed by farmers, big or small (Roling, 2009). Conversely, 

the vagaries of public funding (and extension programs, by default) may contribute 

towards the ill-suited application of conservation farming systems (see Martinez-Cruz et 

al. 2019). In this sense, policy initiatives that foster an appropriate adoption environment 

are fundamental.  
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This chapter begins with a review of selected issues in global agriculture, and 

how NT systems can contribute towards solving these problems. We then illustrate how 

their adoption has been conceived in theory, and how farmers in resource-limited 

contexts have adopted them in practice. In view of some clear disconnections between 

these two, we then argue that the benefits of NT only materialize when these systems 

are applied on a continuous basis. Understanding this requirement in the face of actual 

adoption behavior is fundamental for tailoring policy instruments that can promote 

meaningful adoption. While our interest is on NT farming systems in general, we frame 

the discussion around Conservation Agriculture (CA), which is defined as NT when 

practiced in combination with stubble retention and a diversification of crop rotations.   

2.2. NT farming systems: implications for sustainable 
development  

2.2.1. Current agriculture global scenario 

The issue of how to feed a growing population is a recurrent topic of concern as most of 

the world’s soil resources are in a fair, poor, or very poor condition, with the major 

threats to soil function being erosion, loss of organic carbon, and nutrient imbalance 

(FAO and ITPS, 2015). While regions such as North America, the Southwest Pacific, 

and Europe show signs of improvement derived from increased adoption of reduce 

tillage and improved residue management practices, a synthesis of meta-analyses 

suggests that agricultural productivity globally is being degraded at a mean rate of 0.3% 

per year through soil erosion (FAO and ITPS, 2015). If soil and water management 

practices remain constant, this sums up to be a yield loss of 10.25% in the period 2015–

50. This number is in stark contrast with the required increase in food supply projected to 

be of at least 27% or as much as 73% by 2050 (Southgate et al. 2011). In addition, there 

are uncertainties brought up by climate change. With increased temperatures the 

suitability and productivity of staple crops (i.e. wheat, maize, and rice) will likely extend 

to higher latitudes, but reduce at lower latitudes, where agriculture is already marginal 

(Gornall et al. 2010). Furthermore, extreme temperatures may lower productivity by 

affecting enzyme reactions and gene expressions in the short term, as well as by 

affecting soil carbon, and thus growth and yield, in the long term (Wollenweber et al. 

2003). 
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The current scenario is thus one of interlinked issues of food security, soil 

productivity, and environmental degradation. As part of the Food and Agriculture 

Organization of the United Nations’ (FAO) new paradigm of Sustainable Crop Production 

Intensification (SCPI), NT farming systems have been proposed as a response to these 

challenges due to their capacity to increase productivity, while enhancing ecosystem 

services (Gibbon, 2012). It is believed that for farmers to embrace the SCPI a number of 

major changes in agricultural policy and institutions need to take place. These include 

making agriculture profitable, devising incentives to use natural resources wisely, as well 

as major investments in research and technology transfer capacity (Gibbon, 2012). 

2.2.2. Role of NT in enhancing the soil physical environment 

Despite the many ecosystem benefits attributed to NT, the variety of soil types, 

topographies, crop rotations, and climates among studies has made understanding of 

some crucial cause-effect relationships difficult (Palm et al. 2014). While the relevance of 

NT for climate change mitigation is still under debate, there is a high certainty that NT 

increases the level of soil organic matter (SOM) in the surface soil versus conventional 

tillage (Palm et al. 2014; Blanco-Canqui and Ruis, 2018). In a review of SOM dynamics 

in tropical and temperate regions around the world, Six et al. (2002) assert that there is a 

relative increase in SOM in the upper 0.4 m of NT soil after 6–8 years when compared 

with tilled systems under similar cropping regimes. This is important as it links NT 

management with the delivery of important ecosystem services such as reduced erosion 

and runoff and enhanced water quality (Palm et al. 2014). 

The relevance of SOM build-up for soil ecosystem services can be explained as 

follows. Palm et al. (2007) assert that the natural capital of soils underlying ecosystem 

service provision is determined primarily by three core properties: texture, mineralogy, 

and SOM. While the first two generally remain unchanged, SOM can be subject to 

dramatic changes through land use management practices (Palm et al. 2007). The 

contribution of SOM to ecosystem services appears to have two mechanisms. First, 

increased SOM provides the energy and substrate for soil biota activities and their 

contributions to soil structure and nutrient cycling, as well as many other processes and 

ecosystem services (Brussaard, 2012). Second, the accumulation of soil organic C in the 

surface influences soil physical properties by reducing susceptibility of the soil to 

compaction, enhancing the ability of the soil to capture and retain water and transport 
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heat, and improving soil structural quality and stability (Blanco-Canqui and Ruis, 2018). 

Unfortunately, the SOM threshold levels that drive such changes in soil properties, 

processes, and related ecosystem services are not well known yet (Palm et al. 2014). 

It is worth noting that enhanced quality and structure of soils may be conditional 

upon the way in which NT systems are practiced. Bolliger et al. (2006) have argued that 

plant biomass input and time are essential factors governing SOM build-up under NT 

regimes. With regards to the first, a study by Govaerts et al. (2007) suggests that at least 

30–50% of crop residues should be left on the surface in order to keep adequate 

benefits for the soil. The quality and combination of residues may be of importance as 

well. In a study in tropical Southern Brazil (i.e. a region with high temperatures and 

decomposition rates), Mielniczuk (2003) postulates that it is only feasible to maintain 

SOM stocks if both high-biomass cover crops and main crops are planted. With regards 

to the time issue, Blanco-Canqui and Ruis (2018) conclude that one of the leading 

factors affecting soil physical properties is the duration of NT management. From a 

review of relevant studies, they found that soil bulk density and penetration resistance 

(as measures of soil compaction) were significantly and negatively correlated with NT 

duration. Also, wet aggregate stability (as a measure of soil structural quality) was 

moderately and positively correlated with NT duration. Correlations with soil hydraulic 

properties such as water infiltration, water retention and hydraulic conductivity were not 

significant in this exercise.   

2.3. Adoption pathways for conservation agriculture 

2.3.1. Putting ‘NT’ farming in the context of ‘CA’ 

Non-plough farming systems include a variety of production techniques that have as 

their underpinning the principle of minimum soil disturbance. One way to differentiate 

them is through their associated relative severity of tillage, ranging from reduced soil 

disturbance (i.e. minimum tillage, conservation tillage, and strip-till) to virtually nil 

disturbance rates (i.e. no-tillage, conservation agriculture, and direct seeding mulch-

based cropping systems) (Kassam et al. 2009). For clarity, this chapter will focus on no-

tillage or NT when it is used within the broader context of the CA system. 
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NT is a cultivation system in which seeds are placed into otherwise untilled soil 

by opening a narrow slot, trench, or hole of only sufficient width and depth to obtain 

proper seed placement and coverage. No other soil tillage is done (Derpsch et al, 2014). 

A more comprehensive system, CA, follows three interlinked principles: a) minimum 

mechanical soil disturbance that is less than 0.15 m wide or less than 25% of the 

cropped area, and may include NT; b) permanent organic soil cover of at least 30% 

ground cover; and, c) species diversification where a rotation and/or association should 

involve at least 3 different crops (FAO, 2019). In the last couple of decades, the global 

spread of CA has been remarkable, partly due to the voluntary uptake of farmers, but 

especially due to promotion efforts carried out by development organizations such as 

FAO and CIMMYT. Whereas in 1973/74, CA was applied to only 2.8 M hectares 

worldwide, since 2008/09 the increase in area has averaged 10.5 M hectares per year, 

raising coverage from 106 to 180 M hectares (Kassam et al. 2019). 

2.3.2. Adoption of CA (theoretical) 

Roger’s renowned diffusion of innovations theory holds that an idea or technology will be 

adopted by successive categories of “consumers” (i.e. innovators, early adopters, early 

majority, and laggards) until the saturation level – 100% of potential adopters – is 

reached (Rogers, 2010, 4th ed.). This reasoning can be represented through the 

standard S-curve, which displays an increasing number of adopters over time for an 

agricultural innovation (Knowler, 2015). Perhaps under this – binary – logic, various 

periodic reviews of CA uptake offer encouraging estimates of the global spread of this 

farming system (see Kassam et al. 2009; Friedrich et al. 2012; Kassam et al. 2015 and 

Kassam et al. 2019). While valuable, these estimates do not reflect the realities of 

adoption, which must also consider the intensity of application as well as variations over 

time.  

Baudron et al. (2007) provide insights into the dynamics of CA adoption. They 

theorize that farmers embark on a journey of consecutive phases, each characterized by 

the use of specific practices that increasingly incorporate practice and mastery of the 

three CA principles. As illustrated in Fig. 2.1, these “common” pathways of adoption 

include a) “quick and complete adoption” of CA in its fullest form; b) “stepwise adoption” 

of CA practices, leading (or not) to complete adoption over time; c) “periodic CA”, as in 

practicing during some cycles but not others; and d) “failure” or disadoption after the end 
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of a project. What may be the factors that lead to such a convoluted set of uptake 

routes? Erenstein et al. (2003) note that adoption (and intensity) decisions are taken in 

the framework of variable environmental and socio-economic conditions, such as capital 

available for investments in equipment and inputs, soil conditions, and the farmers’ 

ability to learn new practices and take risks. Another aspect is the political and 

institutional environment in which decisions are made, such as ease of access to 

equipment, inputs, and relevant knowledge, links to markets, existence of policies 

favoring (or discouraging) adoption, among others (Baudron et al. 2007). Knowler (2004) 

also stresses constraints at the local level, as in the case of innovations that do not apply 

to a specific context, are less viable than farmers’ own solutions, stem from weak 

extension practices, are prevented by land tenure regimes, or have a negative social 

connotation. 

Indeed, for farmers that undertake any other pathway below complete CA 

adoption, it may be that the above factors are making a socially optimal level of soil 

conservation simply unattainable. Alternatively, it may be that partial CA adoption in 

some cases is socially optimal. For example, Baumgartner and Cherlet’s (2016) analysis 

of four cases of land degradation in China, Guatemala, Kenya, and Tunisia concluded 

that beyond the characteristics of land users alone, a whole set of institutional layers 

modified, altered, or even determined the level of land degradation. This calls for tailored 

approaches to soil conservation.  
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Figure 2.1. Entry points and four hypothetical pathways towards adopting CA 
Reproduced from Baudron et al. 2007, copyright 2007, with 
permission from the Food and Agriculture Organization of the 
United Nations 

Note: “End of Project” refers to the termination of training and/or incentives provided as a part of a 
systematic strategy for technology transfer to farmers. Baudron et al. (2007) detail various CA-
support projects in Africa. 

Another proposition that is grounded on the dynamics of adoption is by Weersink 

& Fulton (2020). These authors see technology uptake as a learning process, where a 

farmer advances through stages of awareness, evaluation, and adoption/revision until a 

final adoption decision is made. Weersink & Fulton (2020) note that both economic and 

non-economic factors are relevant for technology adoption, as it can be observed when 

farmers adopt practices that better align with leisure or environmental goals, despite not 

being profitable. In this regard, the time-dimension takes a central role in Weersink & 

Fulton's (2020) model, as it illustrates how “relative advantage”, “trialability” and “social 

and cultural” considerations influence (i.e., advance) the stages of technology adoption 

differently. For instance, social and cultural considerations are crucial at the awareness 

and non-trial stages, where farmers’ networks (i.e., connectedness) rule the access to 

resources and information. Risk aversion and personal goals also have a significant 

importance at these learning stages. During the trial stage, the ease of technology 

testing (i.e., trialability) reduces perceived risk levels, therefore increasing knowledge 

and the probability of adoption. And profitability (i.e., relative advantage) might be crucial 

at the adoption, revision, and dis-adoption stages since risk (and often social) 

considerations have been dealt with at earlier stages (Weersink & Fulton, 2020).  
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2.3.3. Adoption of CA (case studies) 

As seen above, Rogers’ diffusion of innovations theory suggests that, over time, all 

farmers will adopt CA in its fullest form. While such event may come to realization in a 

few locations, for resource-limited contexts the norm is more limited and modified 

adoption. Disadoption is another common event, albeit less frequent. In order to 

demonstrate these assertions, here we present case studies for small and medium-scale 

farmers in Africa and Latin America (Mexico).  

Five countries in Africa 

In the last few decades, there have been major investments in the promotion of CA and 

other NT based farming systems in various parts of the world. This is particularly the 

case of Sub-Saharan Africa, since it is a region with major issues in soil erosion and 

food security (FAO and ITPS, 2015). One central claim is that partial adoption (i.e. only 

one or two CA components) and semi-utilization (i.e. use in a limited portion of an 

individual’s farmland) are often the outcome of technology transfer in resource-limited 

contexts. To justify this assertion, Brown et al. (2017) developed two frameworks that 

provide insights into the intensity of CA adoption and on user typologies. The first one is 

the “Conservation Agriculture Appraisal Framework” (CAAF), which is a weighted index 

of the proportion of CA use and its components for individual land plots with respect to 

the total farmed area. The second is the “Process of Agricultural Utilization Framework” 

(PAUF), which provides 10 utilization categories disaggregated by extent of use for 

adopters, and by abandonment and level of interest/awareness for non-adopters (Fig. 

2.2).  

 

Figure 2.2. Reconceptualization of the classification of adoption to various sub-
uses. Reprinted from Brown et al. 2017, copyright 2017, with 
permission from Elsevier  



 31

For a dataset of five African countries (Ethiopia, Kenya, Tanzania, Malawi, and 

Mozambique), Brown et al. (2017) show that the conventional binary measure (i.e. 

where any degree of use of the three CA principles would constitute adoption) provides 

uptake rates in the upper quintile of the sample for all countries, except for Ethiopia 

(56.7%). In contrast, under the 0–1 CAAF index Tanzania and Mozambique are the most 

advanced in terms of aggregate CA use (with mean values of 0.4027 and 0.4023, 

respectively), followed by Malawi, Kenya, and Ethiopia (mean values of 0.3519, 0.3106, 

and 0.0601). When analyzed under the PAUF, only Tanzania showed a total utilization 

rate >0.01% (i.e. 3.1%). Modified use accounted for 56% of farmers in Ethiopia and 

between 89–96% in the remaining four countries. Non-exposure was a key determinant 

of limited use in the case of Ethiopia (37%) (Brown et al. 2017).  

Mexico – state of Michoacan and state of Guanajuato 

In early 2017, we carried out a farmers’ survey to understand what factors influenced the 

timing and intensity of CA adoption in two states in Mexico. One of the challenges 

throughout our survey work was that respondents seemed to have different 

interpretations of what the “CA” concept implied. Indeed, in a study carried out in the 

same region, Van den Broeck et al. (2013) comment on how difficult it was to identify the 

extent of farmers’ awareness of this production system. A recent paper helps in making 

sense of this issue. Martinez-Cruz et al. (2019) put together a timeline of the promotion 

of CA in Mexico. In this evolution, CA has been promoted under various labels ranging 

from conservation tillage (1994–1999), direct seeding (2000–2009) and conservation 

agriculture / sustainable intensification (2005–2017), with increasing degrees of farmer 

involvement at each stage. Martinez-Cruz et al. (2019) note this conceptual and practical 

transformation has been shaped by the vagaries of political, researcher, and farmer 

agendas and dependent upon the availability of public funding. In this context, it is only 

natural that farmers in this region (especially those not in direct contact with soil 

conservation scientists), experience varying degrees of understanding regarding the CA 

concept. 

We asked our survey participants about their use of the three CA principles, 

either individually or simultaneously, during the period 1994/95 to 2015/16. As shown in 

Table 2.1, from the data collected we identified three types of farmers: non-adopters, 

periodic adopters, and full adopters. Non-adopters are those individuals who use 
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conventional tillage, who use the NT seeder in tilled soils (i.e. purely as a seeding 

machine), or who use the NT seeder appropriately but in bare soils (i.e. those with <30% 

crop stubble cover). Periodic adopters are those that alternate between NT (plus soil 

cover) and conventional tillage within a rotation of different crops. Full adopters are 

those that apply the three CA principles together over two cropping cycles.   

Table 2.1. Overview of CA production systems 

Production system Description 
CA full adopters * No/reduced tillage, crop residue retention (>30%) and crop rotations. 

over two cropping cycles. 

CA periodic adopters * No/reduced tillage, crop residue retention (>30%) and crop rotations 
over the first cropping cycle. Second cycle: conventional tillage. 

Non-CA adopters * NT in tilled soils. 
* NT in bare soil (<30% crop stubble cover). 
* Conventional tillage and no residue retention. 

Source: author’s own data 
Note: For full and periodic adopters, the crop-rotation principle has been relaxed to include different cereal species 
(e.g. maize followed by wheat). But alternation with a legume is preferable over cereals and so that practice was also 
accounted for under this principle. 

Our initial sample size included 492 farmers and was not representative of the 

adoption ratio in the area, as our intention was to analyse a 1:1 ratio of adopting v non-

adopting individuals for statistical purposes.9 After a few adjustments to the data, we 

ended up with 401 farmers with CA user data available for at least three years in a row 

(i.e. four data points). Using the SPSS software version 24 we applied a double-step 

clustering procedure (see Hair et al. 2013), and relied on mean cluster values to identify 

typical adoption pathways for CA. As shown in Fig. 2.3, four farmer clusters were 

identified from the data. The first cluster consists of “non-adopting” farmers. The second 

cluster, “eventual disadopters” are farmers who adopt fully or partially, but eventually 

disadopt by year 3, on average. The third cluster “periodic adopters” are farmers who, 

throughout time, use CA in one cropping season and soil tillage in the next. The fourth 

                                                 
9 Following the identification rule for extreme outliers (>3 x interquartile range), we excluded 39 
observations with land holdings greater than 24 hectares each. Further, Grigar et al. (2018) 
suggest that any field with less than three years under NT management should be considered 
transitional, rather than true NT. This led to a further reduction of the sample size by 52 
observations. 
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cluster, “full-adopters”, tend to use CA over two cropping seasons over time. In the case 

of the full-CA category, however, a few farmers turn to periodic tillage after year 2.  

 

Figure 2.3. Adoption pathways for CA 
Note: A statistically significant difference between clusters was determined through one-way 
ANOVA test for year 0, year 1, year 2, and year 3 (p = 0.000 for all). This was confirmed by a 
Tukey post hoc test which also revealed there is no statistically significant difference between 
non-adopters and eventual disadopters in year 3 (p = 1.000). 

2.4. Issues with current patterns of CA adoption 

The discussion in section 2.2.2 suggests that SOM usually accumulates under NT in 

excess of that under plowed land, and that such an effect can be captured by farmers 

who use appropriate residue and crop rotation practices over sufficient time periods. 

While major investments in resource-limited regions have concentrated on bringing the 

non-adopters into the adopting team, our case studies reveal that continuous CA 

adoption has been importantly constrained by periodic use, as well as by disadoption. 

Unfortunately, the regression to conventional practices risks forsaking the environmental 

benefits that such system provides. This poses serious questions with regards to our 

ability as society to appropriate the celebrated benefits of CA.  

2.4.1. Periodic adoption 

“Periodic CA” refers to practicing CA during some cycles but not others (Baudron et al. 

2007). Departing from the principle of NT, this behavior pattern may occur in two ways. 
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The first is “rotational tillage”, in which NT soils are tilled every second, third, or fourth 

year and it has been documented as a common practice among U.S. Midwest farmers 

that apply a corn-soybean crop rotation (Conant et al. 2007; Kurkalova and Tran, 2017; 

Grigar et al. 2018). The second is “alternate tillage”, in which soils are managed under 

NT in one season followed by intensive tillage the next season (Derpsch et al. 2010; 

Derpsch et al. 2014). Farmers in the Mexican Bajio region often apply a variant of this 

system (locally known as “hybrid tillage”), which consists of alternating CA practices 

during one farming cycle with the use of conventional tillage and some form of crop 

residue management during the subsequent cycle (J. Pulido-Castanon, personal 

observation, 2017; Turmel, cited in Speratti et al. 2015). In Brazil’s region of Parana, 

smallholder NT farmers still resort to a range of intermediate-tillage systems by falling 

back on disc harrowing before-after certain crops (Ribeiro et al. 2005). In addition, about 

five million hectares are being managed this way in the Indo-Gangetic plains in a rice-

wheat rotation, where wheat is the NT crop (Derpsch et al. 2010).   

It can be argued that the reasons for rotational tillage in the U.S. are of a more 

agronomic nature and these include lime incorporation, phosphorus redistribution, and 

abating soil compaction (Derpsch, 2008; Powlson et al. 2014). In the case of alternate 

tillage, the reasons have been less studied, but they seem to reside in resource 

constraints of various types. In Mexico, for example, failure to apply NT during the Fall-

Winter cropping season may be due to the following reasons a) lack of access to 

specialized machinery such as the fine-grain NT seeder; b) lack of market positioning for 

the types of winter crops that complement cereal rotations (e.g. chia seeds, beans, 

chickpeas, and other legumes); and c) lack of technical knowledge on the use of the 

fine-grain NT seeder, since a complicated calibration is needed to mix up small seeds 

with fertilizer (Helios Escobedo-Cruz, AGRODESA Consulting, personal communication, 

April, 2017).  

The use of tillage within an otherwise NT farming system is a practice that 

conflicts with the philosophical idea of zero disturbance (Conyers et al. 2019). Some 

authors even assert that soil health improvements gained over years of NT application 

can be eliminated with a single tillage pass (see Grandy et al. 2006; Grigar et al. 2018). 

This is not necessarily true, as it has been documented in the case of “strategic” tillage, 

which is a sporadic (i.e. one-time) practice some farmers apply to combat constraints of 

NT systems such as the build-up of herbicide resistant weed populations (Dang et al. 
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2015). Recent evidence demonstrates that strategic tillage generates only minor and 

short-term impacts on soil structure and productivity, and that these are often exceeded 

by the agronomic benefits obtained in return (see Dang et al. 2015; Dang et al. 2018; 

Blanco-Canqui and Ruis, 2018 and Conyers et al. 2019).  

More justifiable concerns exist when NT systems are disrupted on a regular 

basis, as is the case with periodic and alternate tillage. Few studies have discussed the 

longer-term impacts of continued infrequent no-tillage. For example, Conant et al. (2007) 

carried out a related modelling exercise at four diverse sites in the U.S. Although not 

conclusive, the results suggest that a) increasing the time between tillage events 

increases the amount of C in the soil surface; b) marginal gains in C stocks are greater 

in the first years of NT management. Thus, more than 80% of soil C gains can be 

achieved with biannual cultivation or ripping of NT soils, compared with an average of 

94% soil C gains under 10 years of continuous NT; and c) less soil-disrupting methods 

(such as non-inversion tillage) average just 6% less soil-C stock losses than continuous 

NT, compared to 27% less for conventional inversion tillage.  

2.4.2. Disadoption 

The use of tillage has been linked traditionally to various agronomic benefits such as 

loosening the soil, eliminating compaction, increased water infiltration, redistribution of 

nutrients in the soil profile, and the burial of weed seeds (Derpsch, 2008). This thinking 

has underpinned a “tillage mindset”, which entails the ignorance and/or disbelief in the 

agronomic benefits of sustainable production systems that maintain soil surface cover 

like NT (Derpsch, 2008). Thus, the switch to an apparently contradictory production 

system requires a radical mental change, which in many cases ends up in the 

conversion of NT users into disadopters (Derpsch, 2008). This may have two immediate 

consequences. First, benefits from the SCPI will be lost since tillage brings soil 

conditions back to the status quo. Second, farmers who have given up on NT will be 

more difficult to persuade back into it in the future. This includes individuals who may 

already have invested substantial time or money (e.g. as in buying the NT seeder) and 

still decide not to pursue it anymore. 

The disadoption or “failure” to continue with CA is commonly associated with the 

termination of project incentives such as agricultural input subsidies or technical 
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assistance (Baudron et al. 2007). Some case studies offer complementary insights into 

why disadoption happens. For example, Brown et al. (2017) documented widespread 

disadoption of CA in Malawi, Kenya, and Ethiopia as the result of conflict between 

minimum tillage and the cultural and institutional contexts of African smallholder farming, 

an issue further compounded by national policies that incentivize ploughing. In the 

Mexican states of Hidalgo and Mexico, Ramirez-Lopez et al.’s (2013) semi-structured 

farmer interviews show that disadoption often occurs right after the first cycle of use. The 

main reason for abandonment was the lack of technical assistance, followed by the 

establishment of CA in rented land plots, farmer disinterest, and the competing uses for 

crop stubble. In the states of Guanajuato and Michoacan, disadoption was initiated 

within the first year of uptake, but full abandonment was not completed until year 3, on 

average (author’s own data). From our observations, the disenchantment with the CA 

system in such states might be related to low or weak yields that farmers obtain in the 

first few applications versus the results of conventional farming. As described by some 

authors, it takes between three to seven years of continuous NT before soil physical and 

biological properties improve enough to be reflected in higher yield levels (Hobbs, 2007; 

Grigar et al. 2018).   

2.5. Adoption of no-till farming systems: policy 
considerations 

2.5.1. Agricultural policy trends across countries 

In the case of numerous adoption pathways, how can we help direct farmers’ resource 

use, production, and investment strategies toward routes compatible with the “SCPI”? 

Here, policy instruments represent a leverage point that governments can use to alter 

the incentives faced by producers and other actors, and thus direct them towards more 

sustainable agri-food production systems (OECD, 2019). For a sample of countries 

including OECD members, non-OECD UE member states, and 12 emerging economies, 

average transfers to individual producers in the early 2000s represented just over 20% 

of gross farm receipts, compared to about 12% (USD 440–442 billion) in 2017–18 

(OECD, 2019). This marks a declining but still important use of monetary incentives 

worldwide as a tool to pursue agricultural sector objectives.  
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Even more informative is the structure of these payments. In 2016–18, close to 

70% of all transfers to and from agriculture originated from measures that potentially 

distort farm business decisions. These include market price supports, payments based 

on output, and payments based on unconstrained variable input use (OECD, 2019). 

Unfortunately, such measures do not seem to align with the much-needed paradigm of 

sustainable intensification. For example, a study relying on five indicators (i.e. GHGs 

emissions, water quality, biodiversity, and nitrogen and phosphorus balances) concluded 

that such instruments often cause negative impacts on the environment through 

incentives to expand and intensify land use (Henderson and Lankoski, 2019). 

Alternatively, other (tax-financed) support instruments exist that are less coupled with 

production decisions and, as a result, may produce lower environmental impacts 

(OECD, 2019). These include payments relating to other inputs (e.g. support for on-farm 

investments) or variable input constraints, and payments based on area, animal 

numbers, and historical farm receipts or farm income. Although their use is not as 

widespread, these instruments represent an important share of producer support in the 

EU (67%), Australia (52%), Switzerland (44%), Norway (38%), the United states (38%), 

and Canada (32%) (OECD, 2019). 

A modern approach to agricultural policy makes incentives conditional on 

environmental or animal-welfare outcomes. This works in consideration of the link 

between agriculture and some areas of growing societal concern, as well as in the 

expectation that the sector will provide various public goods (OECD, 2019). These 

include a) payments conditional on the adoption of specific production practices; b) 

voluntary opt-in programs for the investment in facilities for environmental or animal 

welfare friendly production; and c) payments for voluntary agri-environmental constraints 

- such as input subsidies conditional on use constraints (OECD, 2019). In the period 

2016–18, Switzerland, Norway, the European Union, and the U.S. championed this 

approach by applying it to at least five percent of their farmer payments (OECD, 2019). 

Interesting examples include the ‘Programa ABC’ (Low Carbon Agriculture Program) in 

Brazil, which provides preferential interest credit lines to farmers implementing pasture 

and forest restoration projects or who adopt GHG emission-reduction technologies 

(MAPA, 2012). Another instance is the Emissions Reduction Fund (ERF) in Australia, 

where actors in the economy (including small farmers) can participate in eligible projects 

that bring effective reductions in GHGs emissions. The carbon credits generated by 
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these actors are subject to a bidding (auction) process, mediated by the Clean Energy 

Regulator authority, and credits with the lowest cost abatement are paid out to the 

generators (Commonwealth of Australia, 2019). 

2.5.2. Policy rationale in the case of CA adoption 

Perhaps still tied to a classic view on the role of agriculture, in various countries societal 

rewards continue to be specific to the maintenance of landscapes and biodiversity 

benefits (OECD, 2019). In many cases, the diffusion of ‘environmentally profitable’ 

(Pampel and van Es, 1977) technologies has been expected to occur spontaneously 

among farmers. These approaches are short sighted, and governments need to 

recognize the public value of the environmental benefits generated through the 

widespread adoption of CA and other conservation technologies (Kassam et al. 2014). In 

this context, the improved delivery of ecosystem services provided by CA justifies the 

articulation of policies and incentives so that monetary, risk, and other costs incurred by 

adopting farmers can be shared with society at large. 

Recent experiences demonstrate that policy and institutional support are crucial 

in creating necessary conditions for the introduction and accelerated adoption of 

agricultural technologies. For instance, the swift and mass-scale adoption of high-

yielding seed varieties in India during the 1960s was heavily influenced by conditions 

created by the government via political commitment, incentives, access to inputs, and so 

on, which in turn allowed farmers to adopt and use the technology (Roling, 2009). In 

contrast, the experience of 20+ years that it took for the spread of CA in Brazil and 

Argentina shows that, unless farmers’ initiative is matched by support mechanisms 

provided by the public and private sectors, it may take a long time to reach significant 

adoption levels (Kassam et al. 2014). Furthermore, in central Mexico the promotion of 

CA technologies has been carried out over the last 30 years. However, support and 

funding have been subject to numerous changes in political priorities and except for the 

current “MasAgro” program, none of the other projects had life cycles greater than 5 

years. This naturally led to discontinuities in the agendas of researchers and technicians, 

who needed more time to configure CA to local contexts (Martinez-Cruz et al. 2019).  

There are several necessary conditions that build up an enabling environment for 

the transformation of tillage-based systems into CA. These include achieving a dynamic 
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institutional capacity to support CA, engagement with farmers, interlinkage of farmers’ 

networks, provision of knowledge, education and learning services, mobilization of input 

supply and output marketing sectors for CA, accessibility of required inputs, and 

financing and enablement of initial stages (Kassam et al. 2014). The relevance of each 

condition may be case-specific, but it can be argued that whenever efforts on a crucial 

component have not been diligent enough then issues of non-adoption or incomplete 

adoption may arise. In this context, disadoption and periodic adoption represent special 

cases, as these suggest that introductory conditions were met, but conditions needed to 

support a commitment over longer periods were not.  

2.5.3. Towards the adoption of continuous CA systems: policy 
recommendations 

Farmer decision to partially adopt or disadopt NT systems are made in the transition 

from one cropping season to another. In our case studies we also noted these decisions 

are made early on in the adoption process. One crucial issue here is that resource-poor 

farmers have short planning horizons and face difficulties in adopting a long-term view 

(Shiferaw et al. 2014). In this context, it is necessary to identify what policy measures 

can support the adoption of NT farming systems on a progressive and continuous basis. 

A first policy objective is to improve well-being and the level of natural resources 

available to farm-households so as to enable adoption. Shiferaw et al. (2014) point out 

that a policy environment that enhances the stock of livelihood assets for production, 

consumption, and investment decisions in the current period (t) will in turn determine 

natural resource outcomes in the next period (t+1). Initially, a farm-household’s 

endowment of assets and resources determines its production and investment decisions 

– such decisions constitute the household’s attempt to maximize livelihood benefits in 

consideration of expected shocks (Shiferaw et al. 2009). The role of policy and 

institutional measures here is to push initial resource constraints outwards by offering 

enhanced trade and market participation opportunities (Shiferaw et al. 2009). Thus, 

given an initial set of assets, enabling policies (e.g. secure rights to land and water), and 

access to market and institutional arrangements (e.g. credit and extension services), 

should arise to diversify livelihood strategies through investment options that expand 

future production possibilities (like the adoption of conservation technologies). A second 

policy objective is to establish a mechanism that supports adoption continuity in the 
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crucial stage between cropping seasons. Here, incentives can be provided to farmers 

conditional on their continuation with CA practices. These incentives can be monetary 

(as direct payments, access to low-interest credits, or support for irrigation/drainage 

infrastructure), but also in-kind support in the form of machinery and seeds. These two 

policy measures may just get at the very nature of inter-cropping decision making that 

otherwise can result in truncated patterns of adoption.  

Importantly, it is now widely acknowledged that CA is a complex system to use, 

especially over time (Kassam et al. 2014). This was also evident as we spoke to farmers 

in our case study in Mexico. In order to be sustainable, the above policy 

recommendations must be coupled with institutional capacity (i.e. training and extension 

services) that permanently supports farmers in the dynamic challenges that CA carries 

with it. In consideration of limited state resources (monetary, institutional, or otherwise), 

discriminatory provision mechanisms may apply. For example, Bopp et al. (2019) has 

found that subsidies may effectively persuade less environmentally conscious farmers 

into the adoption of sustainable agricultural practices, whereas those more 

environmentally motivated do not depend on incentives as much.  

2.6. Conclusion 

From a set of case studies, we showed how the farmers’ uptake of CA in resource-

limited contexts differs from the theory that applies a binary lens on the adoption 

decision. Albeit from a limited sample of farmers, we identified a spectrum of adoption 

choices, including non-adopters, periodic adopters, and full CA adopters. The problem 

with some of these behaviors is that they are short-lived and thus prevent society from 

capturing the ecosystem service benefits that widespread CA adoption can provide, in 

part from SOM build-up.   

Discontinued or periodic CA adoption may signal that farmer support 

mechanisms are not in place or, alternatively, have not been up to the task. 

Governments need to acknowledge the public good value of soil and water conservation 

technologies and provide measures that effectively support their uptake, up to a socially 

optimal level. This suggests that society should share the costs of adoption with farmers. 

A modern approach to agricultural policy involves paying farmers for environmental 

outcomes. This must be accompanied by training and extension services throughout. 
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Where resources - monetary or institutional - are limited, discriminatory mechanisms 

may apply, as for example, in directing support preferentially towards those individuals 

where incentives have greater potential to increase adoption.  

As important, perhaps, is to make soil and water conservation a national priority 

and law, to prevent its use as a convenient excuse to aid political agendas. At present, 

the use of conditional environmental payments may sound far-fetched in developing 

economies, but it is already happening with success in many regions of the world and 

may represent a support strategy to help alleviate the wicked issue of rural poverty. 
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Chapter 3.  
 
Linking the sociocultural environment to the 
adoption of conservation farming technology: a 
social capital endowments approach 

Abstract  

As conventional agricultural practices are a major driver of soil and water resources 

degradation, a global transition to technologies that restore ecosystem functioning 

constitutes a pressing subject among governments and development organizations. 

Previous literature has modeled the farmers’ adoption of conservation technologies as a 

function of physical, economic, and policy variables. Less tangible dimensions of this 

decision-making process, such as the sociocultural environment, have been challenging 

to integrate into these exercises. Social capital has been theorized to provide individuals 

with resources and information, but also encompasses trust and social norms that act as 

resource “levers”. The identification and measurement of social capital has typically 

relied on a multidimensional approach, but an upgrade to this methodology could 

provide insights on its overall influence on technology adoption behaviour. In this 

chapter, I develop a two-step Exploratory Factor/Latent Profile technique to uncover 

social capital profiles among the study subjects. Using multivariate regressions, I then 

assess “multidimensional” and “endowments” approaches, with an application to the 

farmers’ uptake of Conservation Agriculture (CA) in Mexico. The results suggest that 

both methods have merits to understanding technology adoption. From seven social 

capital dimensions, extension/advisory plays a positive role on the intensity of CA 

adoption. From four social capital classes, farmers with “High” endowments adopt more 

CA principles. My results generally apply to knowledge-intensive farming practices, but 

increased adoption of labor or input-intensive practices may require different social 

capital stocks. This study contributes to a methodological upgrade on the identification 

and measurement of latent sociocultural variables. It also extends the theory of social 

capital endowments to the adoption of conservation farming technology. In a scenario of 

declining support for agriculture worldwide, my findings are relevant to identify where 

extension work can facilitate the transition to a more sustainable agriculture regime. 
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3.1. Introduction 

As deep tillage and excess use of fertilizer and pesticides constitute the biggest threat to 

soil function in terms of soil erosion, soil organic carbon loss, and nutrient imbalances 

(FAO & ITPS, 2015), a transition to a sustainable agriculture regime is needed to provide 

future generations with the same level of soil ecosystem services we enjoy (FAO, 2020; 

Gibbon, 2011; Millenium Ecosystem Assessment, 2005). A coupled goal of ‘agricultural 

intensification’ (i.e., increasing agricultural output while minimizing environmental 

impacts) lies at the center of three major production paradigms. These include 

“Ecological Intensification” - which focuses on the biological and ecological mechanisms 

within agroecosystems; “Sustainable Intensification” - as a broad category that encases 

any farming practice where sustainability is being addressed; and “Agroecological 

Intensification” - which integrates systemic (i.e., cultural and social) perspectives to farm 

technology adoption (Wezel, Soboksa, McClelland, Delespesse, & Boissau, 2015). To 

this day, there is debate on the boundaries among these concepts, however, they 

effectively overlap on the intersection of farming systems such as Conservation 

Agriculture (CA) and Systems of Rice Intensification (Mockshell & Kamanda, 2018).  

The failure of the literature to guide policymakers’ efforts towards a more 

sustainable agriculture has led to serious reflection from the part of social scientists. A 

major criticism has been a focus on economic factors while overlooking the context or 

“structure” that surrounds decision-making (Doss, 2006; Feder, Just, & Zilberman, 1985; 

Weersink & Fulton, 2020). An emergent “Practice Theory” considers the context that 

frames and interacts with individual agency, ultimately leading to new, transformed or 

disappearing practices (Shove, Pantzar, & Watson, 2012). Recent studies show how the 

interactions farmers have with their environment shape technology-adoption decisions 

(see Huttunen & Oosterveer, 2017; Mengistie, Mol, & Oosterveer, 2017). Swinburn, 

Egger, & Raza's (1999) classification of “environments” can be used as a framework to 

understand the impact of context on farmers’ decisions. The “physical” environment may 

be represented by weather and the available quantity and quality of land, water, and 

other productive inputs. The “policy” environment may include the rules and regulations 

that affect crop and input prices, as well as land tenure schemes. The “economic” 
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environment includes the cost factor such off-farm income alternatives. With regards to 

the “sociocultural” environment (including social networks, social norms, and individual’s 

“lifestyle”), further understanding has been hindered by identification and measurement 

difficulties that are intrinsic to its intangible nature (Swinburn et al., 1999).  

Several approaches have been used to identify and measure social capital, but 

they are limited in capturing its overall effect on the event of interest. In this study, I 

introduce a two-step technique – Exploratory Factor Analysis followed by Latent Variable 

modelling – which is a model-based approach to cluster individuals by their social capital 

“endowments”. By controlling for this dimension of the sociocultural environment, I argue 

this application can be used towards more integral analyses of Conservation Farming 

Technology (CFT) adoption. An alternative application – not explored in this study - can 

be the measurement of other intangibles, such as farmers’ perceptions (i.e., on the need 

to innovate and on technology attributes), which remain problematic to operationalize in 

empirical studies (see Ruzzante et al., 2021).  

To assess the value of this technique, an application to the farmers’ adoption of 

the CA system is carried out. CA rests on the association of three agronomic principles: 

minimum soil disturbance, organic soil coverage, and crop diversification (FAO, 2021). 

The study of CA adoption is of particular interest, as it is often deemed as an 

‘environmentally profitable’ production system (Knowler & Bradshaw, 2007), however, 

adoption rates distinctly vary across regions of the world (Kassam, Friedrich, Derpsch, & 

Kienzle, 2015). The selected case of study is Mexico, a country that has been subjected 

to over 30 years of CA promotion work, however, by 2015/2016 only 0.17% of its arable 

land was under CA management (FAO, 2021a; Kassam, Friedrich, & Derpsch, 2019).10  

The second section of this chapter provides background on literature describing 

the identification and measurement of social capital. The third section describes the 

proposed methodological approach, data gathered, and study location. The fourth 

section describes findings on four social capital “endowments” classes and provides a 

class profiling exercise based on production system and farmer sociodemographic 

                                                 
10 The case study of CA adoption in Mexico is also interesting from a comparative perspective. In 
2015/2016, 44,000 ha of Mexico’s arable land were under CA management. In contrast, other 
Latin American countries like Brazil and Argentina spearheaded the global uptake of CA with 
32,000,000 ha and 31,028,000 ha, respectively, under CA management (Kassam et al., 2019). 
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variables. The fifth section contrasts application of the social capital multidimensional vs 

endowments approaches in the analysis of CA adoption in Mexico. The fifth section 

concludes with a summary of findings.  

3.2. Background on social capital research 

Some authors note that the outcomes associated with social capital often emulate those 

of the sociocultural environment. In the fields of community development and natural 

resource management, Pretty & Ward (2001) and Zhang, Xiong, Lee, Ye, & Nunkoo 

(2021) show that social capital frames power and resource distribution within a society, 

and that social relationships enable individuals’ participation in democratic decision-

making processes. Thus, social capital is used in this study as a conceptual guide to 

understand the link between the (broader) sociocultural context and individual behavior. 

Ostrom's (2000) widely accepted social capital definition as “the shared 

knowledge, understanding, norms, rules and expectations about patterns of interactions 

that individuals bring to a recurrent activity” (p. 76) has proven difficult to integrate into 

empirical applications.11 To this purpose, Krishna & Uphoff (1999) have dichotomized 

social capital into two broad categories: cognitive and structural. While the cognitive type 

reflects individual and community values expressed through trust and social norms, the 

structural type reflects the diversity of social networks through informal family-like 

“bonding” ties and formal business-like “bridging” ties (Woolcock & Narayan, 2000). 

Krishna & Uphoff (1999) have noted that in the consecution of group objectives cognitive 

and structural categories interact and reinforce each other. For instance, in a study of 

adoption of irrigation technology in Chile, Hunecke, Engler, Jara-Rojas, & Poortvliet 

(2017) found that a farmer’s “general trust” level (i.e., in family, friends, and colleagues) 

was significant and positively related to his/her formal and informal networks. And that 

these factors independently influenced the adoption of irrigation technology. It follows 

                                                 
11 The identification and measurement of social capital presents two challenges recurrent 
throughout the empirical literature. The first issue is that social capital comprises a number of 
constructs that are inherently abstract (Narayan & Cassidy, 2001). Thus, to translate the concept 
into an operational measure it needs to be treated as a “latent variable”. The second issue is the 
large number of variables required to capture its multidimensional structure. For example, Onyx & 
Bullen (2000) considered 36 variables while Sabatini (2005) considered 51 variables.  
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that both cognitive and structural social capital – and their interactions - must be 

incorporated in any assessment of CFT adoption.  

Social capital has been linked to the adoption of CFTs, although the exact 

mechanism remains unclear (Knowler, 2015; Rogers, 2010; Swinton, 2000). Newman & 

Dale (2007) propose that bonding ties can deter innovation by restraining individuals 

from acting outside local conventions, and by reducing accessibility to new ideas or 

practices. From this perspective, networks that are mainly connected through bonding 

ties can be “too closely knit: dissenting opinions will be discouraged, and diversity will 

fall” (Newman & Dale, 2007, p. 82). Conversely, bridging ties “allow actors to access 

outside information and overcome social norms with support from outside the local 

network” (Newman & Dale, 2007, p. 82). Thus, in facilitating innovation, Newman & Dale 

(2007) advocate for a balanced mix of bonding and bridging social networks, where 

individuals can benefit from a local support system, while having access to resources 

and information beyond the village level. Furthermore, it can be argued that without the 

leverage provided by norms and trust, social networks may be just stationary resources 

(Ballet, Sirven, & Requier-Desjardins, 2007). In this case, norms represent the rules for 

expressing the other components of social capital and for transforming them into 

benefits (Hunecke et al., 2017). And in being hierarchical and not spontaneously 

developed, norms influence individual’s preferences for respecting constraints (Van Rijn, 

Bulte, & Adekunle, 2012). With regards to trust, this element filters, concentrates, and 

legitimates information in the network (Burt, 1997; Chalupnicek, 2010). This reasoning 

suggests that, in the transformation of agricultural practices, social norms and trust 

jointly instrumentalize the resources offered by social networks.  

In the literature, three approaches have predominantly been used to identify and 

measure social capital: 1) general indicators; 2) social network analysis; and 3) 

exploratory analysis. Regarding the general indicators approach, a common practice is 

to borrow country-level data on “generalized trust”, and “membership in associations” 

from the World Values Survey database (Narayan & Cassidy, 2001), or using macro 

indicator data such a crime rates, teenage pregnancy, blood donation and participation 

in tertiary education (Sabatini, 2005). In the field of CFT adoption, the work by Swinton 

(2000) in the Peruvian Altiplano, Jara-Rojas, Bravo-Ureta, & Díaz (2012) in Chile and 

Wossen, Berger, & Di Falco (2015) in Ethiopia represent examples of this approach. The 

second approach, Social Network Analysis, is known for using a mix of methods for 
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exploring network structure, but with only a passing reference to how networks affect 

other outcomes (Moody & Paxton, 2009). Saint Ville, Hickey, Locher, & Phillip (2016) 

provide an excellent application of this technique, where they explore how social capital 

influences both knowledge networks and farmers’ self-reported innovation in the island 

nation of Saint Lucia. The third approach is the use of Principal Component Analysis 

(PCA) or Exploratory Factor Analysis (EFA), which identify dimensions that subsume a 

larger number of social capital variables (Grootaert & Bastelaer, 2002). An excellent 

application is by Mitchell & Bossert (2007), who explore the link between social capital 

and civic/health behaviors in poor communities in Nicaragua. In the field of farming, Van 

Rijn et al. (2012) applied PCA to contrast the dimensionality of their social capital data 

versus a theoretically-informed structure. Other examples include the work by Njuki, 

Mapila, Zingore, & Delve (2008), Teshome, de Graaff, & Kessler (2016) and Hunecke et 

al. (2017). These approaches provide useful insights on the elements that make up for 

social capital but fail to address its overall effect on CFT adoption. Thus, questions on 

the adoption of farming technology by individuals with imbalanced or highly skewed 

endowments of cognitive and structural social capital remain unanswered.  

To address this gap in the literature, this study proposes a method that allows 

assessment of the overall effect of social capital on farmers’ decision making. For this 

purpose, it focuses on the combinations of social capital dimensions or “endowments” 

profiles. The theory on social capital and poverty transitions by Woolcock & Narayan 

(2000) links specific social capital endowments to a range of development outcomes. At 

one end of the spectrum, individuals with low densities of bonding and bridging networks 

are predicted to be poor social outcasts. At the other end, well-stocked individuals enjoy 

the benefits of close-knit relationships, as well as access to economic opportunities 

beyond their own village. Dynamically, those individuals with diverse social networks 

“get ahead” as opposed to just “get by”. Thus, expanding on Woolcock & Narayan's 

(2000) theory, I propose that conditional on the leverage provided by cognitive social 

capital a healthy stock of bonding and bridging social ties can be conducive to farm 

practices transformation (including technology adoption). The methodological approach 

to assess this proposition is introduced in the following section.  
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3.3. Methods and materials 

In this section, I describe the logical steps taken in designing this study including method 

selection, identification of a study location, survey design, and sampling procedure. As 

with any empirical exercise, challenges naturally arose and where appropriate I applied 

best practices from the literature to address them.  

3.3.1. Methods 

While the link between social capital and CFT adoption has been explored in the 

literature, improved incorporation into studies requires the use of upgraded techniques 

(Knowler, 2015). Below, I introduce a two-step empirical approach for exploring the 

structure of social capital. This is followed by a regression on observed CA adoption. 

Proposed methodological approach to identify and measure social capital 

The clustering of individuals by their social capital profiles is an approach previously 

applied by studies in the development field. These include Wood, Knowler, & Gurung 

(2008) and Brown & Livermore (2019), who applied a hierarchical clustering technique 

based on factor scores. In another study, Park, Lee, Choi, & Yoon (2012) employed a 

two-step clustering technique that entails using both hierarchical and non-hierarchical 

methods in combination (see Hair, Black, Babin, & Anderson, 2013).  

As a technique to extract clusters from survey data, hierarchical (i.e., distance-

based) methods have been the subject of several criticisms. One major issue is the 

stability of the cluster solution, as the available distance methods “lock” observations into 

clusters following their established order, but re-ordering the dataset often results in 

different cluster solutions (Hair et al. 2013; Schreiber, 2017). For non-hierarchical 

methods, Schreiber (2017) points out that K-means is highly sensitive to the presence of 

outliers. Latent variable modelling, including Latent Class Analysis (LCA) – for 

categorical indicators, and Latent Profile Analysis (LPA) – for continuous indicators, has 

been proposed as a technique that can overcome these issues. This is because it 

provides a model-based solution generated from the study sample responses (Masyn, 

2013; Schreiber, 2017). The superiority of latent variable modelling over distance-based 

methods is generally supported by the empirical literature. Magidson & Vermunt (2002) 

compared K-means versus LCA and concluded that the former had a misclassification 
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rate 6.7% higher. In another study, Schreiber & Pekarik (2014) concluded that LCA is a 

more rigorous statistical alternative versus Hierarchical Clustering and K-means for both 

exploratory work and theory testing. In contrast to this, Benassi et al. (2020) concluded 

that both LCA and Two-Step Cluster Analysis produce similar and reliable solutions. 

Based on the evidence that suggests a higher statistical confidence in latent 

variable versus distance-based clustering methods, I propose a two-step approach to 

identify and measure the structure of social capital: (1) EFA to identify social capital 

dimensions and extract farmers’ individual factor scores, and (2) LPA to classify farmers 

by their social capital endowments. This is followed by a regression analysis.   

First step: exploratory factor analysis 

From a choice between using PCA or EFA, I opted for the latter as it is considered more 

accurate in revealing the underlying structure of a latent variable. This is because EFA 

can discern between unique and error variances from a dataset shared variance 

(Costello & Osborne, 2005). Conversely, PCA identifies components based on the full 

variance, and often results in inflated factor solutions (Costello & Osborne, 2005). As 

EFA is a multistep process, various factor extraction and rotation choices are available 

and so application decisions must rely on “best practices”. Following Costello & Osborne 

(2005) and DiStefano, Zhu, & Mîndrilǎ (2009) the number of factors to extract was based 

on both a scree test (D’agostino & Russell's, 2005) and a parallel analysis.12 For the 

choice of rotation method, I used Promax oblique rotation.13 Beyond understanding the 

structure of social capital, a further step was estimating individual “factor scores” that 

can be used in subsequent analyses of CFT adoption. From the available methods, I 

chose “regression scores” where the dependent variables are the estimated factor 

scores, and the independent variables are standardized observed item values for each 

individual multiplied by the correlation among observed variables (DiStefano et al., 

2009). For each social capital dimension, this procedure results in unique individual 

factor scores that are standardized to a mean of zero.  

                                                 
12 The parallel analysis was carried out using Stata/IC’s 15.1 ‘fapara’ command. 
13 The factor correlation matrix indicated a few variables with correlation values >.32. According 
to Brown (2009), values of such intensity signal a 10% or more overlap in the variance among 
factors, which is enough to warrant the use of oblique rotation techniques.  
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Second step: latent profile analysis  

In latent variable modelling, individuals are grouped based on posterior class 

probabilities, which are estimated from observed responses to the indicator variables 

(Masyn, 2013). A crucial next step is to identify the “true” number of latent classes. 

Following Masyn (2013), under the unconstrained LPA model (i.e., without any variance-

covariance restrictions), the underlying social capital variable is denoted by 𝑐, with 𝐾 

“endowment” classes, where 𝑐 𝑘 if farmer 𝑖 belongs to social capital endowment class 

𝑘. The proportion of farmers in social capital class 𝑘, Pr 𝑐 𝑘 , is represented by 𝜋 . 

The 𝐾 social capital endowment classes are exhaustive and mutually exclusive such that 

farmers in the sample are members to exactly one of the 𝐾 latent classes and ∑ 𝜋 1. 

The relationship between the observed factor scores on the 𝑀 factors and the social 

capital variable structure, 𝑐, is: 

𝑓 𝑦  𝜋 ∙ 𝑓 𝑦 , 

Where 𝑦 𝑦 , 𝑦 , … , 𝑦 , 𝑓 𝑦  is the multivariate probability density function 

for the overall farmer sample, and 𝑓 𝑦 𝑓 𝑦 |𝑐 𝑘  is the social capital endowment 

class-specific density function for class 𝑘. In addition, the within-class distribution of the 

social capital factor variables is assumed to be multivariate normal. That is,  

𝑦 |𝑐 𝑘  ~ 𝑀𝑉𝑁 𝛼 , Σ , 

Where 𝛼  stands for the vector of social capital class 𝑘 means for the 𝑦s (i.e., 

𝐸 𝑦 |𝑘 𝛼 , and Σ  stands for the social capital class 𝑘 variance-covariance matrix for 

the 𝑦s (i.e., Var 𝑦 |𝑘  = Σ ). 

Following Masyn's (2013) principled model building for LPA, I ran four within-

class variance-covariance structure specifications for one to six classes (24 models in 

total).14 Following Hipp & Bauer (2006), I used 100 random starting value draws to 

achieve model convergence towards the best maximum likelihood. As aid in model 

selection, I kept track of Log-Likelihood (LL), Akaike’s Information Criterion (AIC), and 

Bayesian Information Criterion (BIC) model fit indicators. Following Nasserinejad, 

                                                 
14 The LPA was carried out using the gsem command in Stata/IC 15.1 
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Rosmalen, De Kort, & Lesaffre (2017), I also applied a 5% criteria as the minimum cut-

off for classes with too small proportions.  

Multivariate regression model 

Pulido-Castanon & Knowler (2020) discuss some contextual factors that have framed 

the farmers’ uptake of CA in Mexico. From this reading it follows that a convenient 

measure for CA uptake analysis is through adoption intensity. This entails that with each 

incremental category of the dependent variable, the farmer increases the number of CA 

principles adopted at a given time. The stepwise intensity of my dependent variable 

makes this a case for an ordinal-type regression procedure. Previous literature has 

relied on ordered logit (ologit) and probit (oprobit) models to analyze adoption intensity. 

However, research suggests that the parallel lines assumption is frequently violated in 

these type of applications (Long & Freese, 2014). For this reason, I opted for the 

unconstrained partial proportional odds model, which selectively relaxes such an 

assumption for variables where it is violated.15 Following Williams (2006; 2016), the 

model is: 

𝑃 𝑌 𝑗
exp ∝ 𝑋1 𝛽1 𝑋2 𝛽2 𝑋3 𝛽3

1 exp ∝ 𝑋1 𝛽1 𝑋2 𝛽2 𝑋3 𝛽3
, 𝑗 1,2, … , 𝑀 1 

Where 𝑌  represents the farmer’s choice of production system (i.e., CA adoption 

intensity); and 𝐵  stands for variables representing farm, demographic, location, and 

social capital. Under the unconstrained partial proportional odds model, some of the beta 

coefficients are the same for all values of 𝑗, while others can differ. In the formula, 𝛽1 

and 𝛽2 are constrained to be the same for all values of 𝐽 but the value for 𝛽3 is not 

constrained.   

The EFA of social capital data was carried out using the IBM SPSS Statistics 

version 24 software. The LPA and ordinal-type regressions were carried out using the 

Stata/IC 15.1 software. 

                                                 
15 The partially constrained generalized ordered logit model is applied through the gologit2 
command in Stata/IC 15.1 (Williams, 2006, 2016). 
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3.3.2. Study area 

This study took place in the Mexican states of Guanajuato and Michoacan. Guanajuato 

is situated in the southern region of central Mexico, and has an extension of 30,589 km2 

or 1.6% of Mexico’s territory (INAFED, 2017). Agriculture is highly mechanized in this 

state and external input use, particularly of chemical origin, is widespread (Erenstein, 

1999). Michoacan is situated in the western region of central Mexico, and has an 

extension of 58,836.95 km2 or 3.04% of Mexico’s territory (INAFED, 2017). Production 

systems are mixed, with some farmers having access to machinery but many others 

relying on manual tools and animal traction (J. Pulido-Castanon, personal observation). 

See Figure 3.1. 

 

Figure 3.1. Map of the study location 
Source: Map by authors, using the QGIS 3.10 software with data from INEGI (2019). 

The areas of research interest were the Rural Development District 005 (RDD 

005 “Cortazar”), in Guanajuato, and Rural Development District 092 (RDD 092 

“Morelia”), in Michoacan. These RDDs are contiguously located within the Hydrologic 

Administrative region VIII “Lerma-Santiago-Pacifico”, which receives 817.9 mm of 

precipitation per year (average for 1971-2000), just above the national precipitation 

average of 759.6 mm (SEMARNAT, 2008). Farming systems in this area are based on 

two cropping seasons: (i) The Spring-Summer (SS) or “wet” season (May to October), 

which presents an average precipitation of 160mm per month, and (ii) the Fall-Winter 



 58

(FW) or “dry” season (November to April), which presents an average precipitation of 

10mm per month (Van den Broeck et al., 2013).  

RDDs 005 and 092 were purposely selected to encounter farmers acquainted 

with the CA system. The first reason is that data from individuals with a long-term 

exposure to CA was needed (i.e.,  10 years), as this timeframe allows for experiencing 

the full profitability and productivity effects of the system (Pannell, Llewellyn, & Corbeels, 

2014). There is registry in the literature of a direct seeding extension campaign dating 

back to the year 2000 in the Irrigation District 011 (contiguous to RDD 005) and of a CA 

extension campaign in RDD 092 dating back to the year 2005 (Martínez-Cruz, 

Almekinders, & Camacho-Villa, 2019). The second reason is that agricultural “knowledge 

hubs” can be found in the area, which assure most farmers have experienced CA either 

through practice or observation. In RRD 005, a conservation tillage centre “FIRA 

Villadiego” operates in the municipality of Valle de Santiago since the early 1980s. In 

RRD 092, AGRODESA Consulting sustains CA extension work in the municipality of 

Indaparapeo despite a sharp cut in government funding in 2010 (Martínez-Cruz et al., 

2019). In addition, the International Maize and Wheat Improvement Center (CIMMYT) 

maintains nearby extension offices in the cities of Morelia and Celaya. 

An initial draft version of the survey was piloted with farmers from both Mexican 

states in October 2016 and final corrections followed. The final version of the survey was 

administered in the period from January 2017 to July 2017 on a face-to-face basis and 

relied on stratified random sampling. Both the pilot and final surveying stages were 

carried out in accordance with Simon Fraser University’s ethical research guidelines 

under the study number 2016s0235. 

The sampling frame was the Program of Direct Support for the Farmland 

(PROCAMPO) farmers registry, Spring-Summer 2013 edition (AGRICULTURA, 2018). 

The sample consisted of 492 farmers in both RDDs. This sample had to be adjusted 

because two variables related to the scale of farming operations presented abnormally 

large standard deviations.16 This could have introduced bias at the regression analysis 

                                                 
16 This study focuses on small and medium-scale farmers. The variables of “cultivated land” and 
“animal intensity” can be argued to strongly correlate with the scale of farming operations. The 
sample size adjustment led to a mean farmland size of ~9 has, consistent with the average land 
holding of 9.85 has in Guanajuato and 9.79 has in Michoacan (INEGI, 2009).  
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stage. A Mahalanobis distance analysis flagged 17 outlying observations leading to a 

final sample of 475 farmers, from which 398 had complete data on social capital. This 

sample does not correspond to the adoption ratio in the study region, but instead allows 

me to contrast adopters/non-adopters on a 1:1 basis for a more balanced result.17 

3.3.3.  Survey design  

The survey instrument for this study was structured into four sections: CA adoption, farm 

production system, farm-household demographics, and social capital variables.  

A recurrent discussion in the literature is on the correct specification of the 

dependent variable - an “adopter” definition for the technology in question (Brown, 

Nuberg, & Llewellyn, 2017; Doss, 2006; Feder, Just, & Zilberman, 1985). CA adoption 

has typically been modelled as a binary decision (i.e., adopt or not adopt), but 

researchers now advocate for approaches that more realistically capture the farmers’ 

technology choice (Brown et al., 2017; Knowler, 2015). To overcome this complexity my 

survey gathered data on the CA principles that farmers apply, and whether they apply 

these principles jointly or separately.18  

The selection of independent variables was based on a review of meta-analyses 

that investigate CFT adoption determinants across a multitude of agroecological regions 

(see Knowler & Bradshaw, 2007; Ruzzante, Labarta, & Bilton, 2021). I also considered 

variables that consistently appear in the agricultural technology adoption literature 

(D’Emden, Llewellyn, & Burton, 2006; Dadi, Burton, & Ozanne, 2004; Njuki et al., 2008; 

Van den Broeck et al., 2013; Van Rijn et al., 2012). I constructed three variables by 

merging various items into single numerical measures.19 “Animal intensity” refers to the 

                                                 
17 A debate in the literature is on the use of balanced vs imbalanced class datasets. The 
advocates point out that class imbalances affect the predictive capability of asymptotic 
classification algorithms (such as Maximum Likelihood Logistic regression). The opponents argue 
that minimizing or removing class imbalances results in sampling bias. The current consensus is 
that when both classes are equally easily to collect, an equal sampling is near optimal in most 
situations (Oommen, Baise, & Vogel, 2011). 
18 During the survey introduction stage, farmers were presented with a photo of each of the CA 
principles and questioned if they were aware of the joint application of these principles. For 
individuals that responded positively, I carried on with the interview. 
19 A limitation with such a procedure is that arbitrary assumptions are made about weighting and 
aggregation of components (Narayan & Pritchett, 1999). 
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sum of feed units estimated from the animal ownership expressed by respondents.20 

“Machine ownership” refers to a count of nine basic farming implements where 

respondents score a full 1 point for full ownership and .5 points for shared ownership of 

said equipment. I used credit use (frequency) as a proxy for the credit access variable, 

which according to Ruzzante et al. (2021) is consistently significant in technology 

adoption studies. I created “Housing conditions” as a proxy for farmer income, as the 

income variable has proven difficult to measure in the rural context.21 Relying on 

Mexico’s official methodology for poverty measurement (see CONEVAL, 2019), I 

focused on two aspects of the social rights dimension: (i) housing quality and spaces 

(four questions), and (ii) access to basic services (three questions).22 In addition, I 

included an eighth question on “Road material outside the home” as I noted this aspect 

likely influences general housing conditions. I then transformed responses into z-scores 

that were collapsed into a single variable by means of addition.23 The housing conditions 

components and their response scales are available in Table 3.1. I did not include a 

variable to account for the farmers’ gender due to a low number of female survey 

responders (3.58% of total sample).24  

                                                 
20 Animal feed unit equivalences as published by Mexico’s Ministry of Agriculture and Rural 
Development (Diario Oficial de la Federacion, 2000). 
21 This issue is documented by Narayan & Pritchett (1999) who point out it is “…extremely difficult 
(if not impossible) to measure the income of the agrarian self-employed…” (p. 878). 
22 From access to basic services, I eliminated the variable on “source of electricity” due to a lack 
of variability in responses. Only two individuals responded differently than all others (mean = 
3.99, standard deviation = .145, variance = 0.21, N=474). 
23 I also attempted an EFA, which provided a KMO value of .571. As the minimum acceptable 
value is .6 (Cerny & Kaiser, 1977), this dataset proved inadequate for this type of analysis. 
24 Evidence suggests that women in Mexico are restricted from managing farmland due to cultural 
norms that point them as household stewards and to lower physical strength (Gutiérrez Macías et 
al., 2014). This may explain the low number of female land managers found during fieldwork.      
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Table 3.1. Variables used in the “housing conditions” variable estimation 

 Response scale 
Housing quality and spaces  
Roofing material Scale (1 = very low 8 = very high) 
Walls material Scale (1 = very low 8 = very high) 
Flooring material Scale (1 = very low 8 = very high) 
Overcrowding  Proportion (number of rooms used for 

sleeping/household family members) 
Household access to basic services  
Source of water for human use Scale (1 = very low 5 = very high) 
Cooking fuel Scale (1 = very low 5 = very high) 
Wastewater disposal Scale (1 = very low 5 = very high) 
Material of road outside the home Dummy (1 = dust 2 = concrete) 

 

The main reference for building a social capital questionnaire is the World Bank’s 

household survey designed by Grootaert, Narayan, Jones, & Woolcock (2003). These 

authors provide a high-level questionnaire of social capital, where community 

heterogeneity (i.e., race, caste, economic status, and religion) is addressed in the 

categories of “Groups and Networks”, “Trust and Solidarity”, “Social Cohesion and 

Inclusion”, and “Empowerment and Political Action”. For applications in the farming 

context, the studies by Njuki et al. (2008), Teshome et al. (2016), and Van Rijn et al. 

(2012) depart from Grootaert et al.'s (2003) survey but constrain the set of questions to 

features of social organization that can be quantified directly (i.e., through frequencies) 

or indirectly (i.e., through perceptions). Questions related to norms and shared values 

are borrowed verbatim from Grootaert et al.’s survey, but questions on social networks 

likely suffered modifications to better reflect the farming context in each case study.  

For the social capital section of my survey, I identified 23 questions on the 

dimensions of trust, social norms, bonding, and bridging social networks. However, two 

questions showed significant overlap with others from the trust category and had to be 

deleted: “trust in people outside the community” and “Trust in extension officers”.25 For 

                                                 
25 Grootaert & Bastelaer (2002) acknowledge a redundancy issue with questions in the Trust 
category. In this case, the variable “Trust in people outside your community” presented a 
correlation coefficient of 0.5506 with the variable “Trust in people from other villages in your 
region”. The variable “Trust in extension officers” presented a correlation coefficient of 0.4284 
with the variable “Trust in agricultural inputs provider” and of 0.4479 with the variable “Trust in 
government officials”. 
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social norms and trust variables, I followed previous studies and used a Likert scale of 0 

(Never – Nothing), 1 (A little, Seldomly), 2 (Moderate, Good), and 3 (A lot, Excellent). 

For bonding and bridging network variables, based on results from the pilot survey I 

modified the questions to match RDDs 005 and 092 farming context. For networks 

questions, farmers were questioned on how often they engaged in social interactions on 

a yearly basis. 26 This procedure often resulted in non-normal response distributions, 

which prevented the construction of equally sized response categories. To overcome 

this problem, I estimated relative frequency response categories using the quantile 

ranking method. For seven variables, the use of quintile-based ranking led to five 

response categories (0 to 4). For three variables, a small variation in responses led to 

the use of quartile-based ranking, leading to four response categories (0 to 3). 

3.4. Results 

3.4.1. Descriptive statistics 

My compilation of farmer surveys shows several uptake variants for the CA system on 

the ground. These are presumably correlated with agroecological and socio-economic 

constraints, but may also be shaped by the farmers’ interactions with their physical, 

economic and socio-cultural environments (Andersson & D’Souza, 2014). For this study, 

I identified three CA adoption categories by intensity as (i) Full CA adopters, (ii) Partial 

CA adopters, and (iii) Conventional Tillage (CT) / non-adopters. See Table 3.2.27  

                                                 
26 This procedure was carried out to avoid the potential for state-dependent reporting bias (e.g., 
by gender, age group, etc.), which may introduce problems when trying to measure latent 
variables (Schneider, Pfarr, Schneider, & Ulrich, 2012). 
27 The farmers’ uptake of the CA system appears to be highly context specific. Van den Broeck et 
al. (2013) modelled CA adoption as (i) Full adoption, with value 1 for the joint adoption of the 
three CA principles over a full cropping year, and 0 for any other behaviour; and (ii) General 
adoption, with value 1 for adoption of one or more CA principles on either the SS or FW cycles, 
and 0 for any other behavior. Marenya et al. (2017) and Khataza et al. (2018) noted complications 
with including the crop rotation principle to their CA adopter definition and thus restricted their 
analysis to the joint adoption of the NT and mulching principles in each cropping cycle.      
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Table 3.2. Overview of adopter categories: conservation agriculture a 

Adoption category Description Observations
(n= 475) 

Full CA adopters 
No/reduced tillage combined with ≥ 30% superficial crop stubble 
retention. Crop species diversification principle has been 
relaxed. b 

146 (30.74%) 

Partial CA adopters No/reduced tillage in bare soil (i.e., < 30% superficial crop 
stubble retention). 

65 (13.68%) 

CT / non-adopters 
NT machine used on tilled soils. 
 
Conventional tillage. 

264 (55.58%) 

a Adoption data for farmers with access to irrigation corresponds to at least one cropping season (FW 2015 or SS 
2016). For farmers on a rainfed cropping regime data corresponds to the SS 2016 cropping season.   
b My data shows that only 25 individuals carried out a cereal-legume-cereal alternation in combination with the other 
two CA principles. The consideration of these individuals as a separate adopter category created issues of negative 
predicted probabilities at the multivariate regression stage. Following Williams (2016), I simplified the response variable 
by merging these individuals with the “Full CA” adoption category.  

For the “Full CA adopters” category, I relaxed the species diversification principle 

to allow for various crop rotation practices observed in the area. From the data, I found 

that farmers with access to irrigation typically carry out a cereal crop rotation (e.g., maize 

followed by wheat). In addition, rainfed farmers typically carry out crop associations 

(e.g., maize mixed with beans or other legumes). The “Partial CA adopters” category 

includes farmers that apply NT, but who do not meet the minimum 30% organic soil 

cover principle due to crop residue bailing, burning or grazing practices. The “CT / non-

adopters” category includes farmers that use the NT machine as a seeder on previously 

tilled soils (42 individuals), and farmers that only practice CT. 

Table 3.3 introduces descriptive statistics for the farm production system and 

farm household demographic variables. Tables 3.4 and 3.5 introduce descriptive 

statistics for social capital variables, where a stronger response in the cognitive social 

capital scale is associated with a higher (i.e., more positive) perception of norms and 

values in the sociocultural environment, and for the structural social capital scale a 

stronger response is associated with a higher diversity of a farmer’s social networks.
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Table 3.3. Definitions and summary statistics: production system and farm-
household demographic variables 

Variables n Description Mean SD Min. Max. 
FARM PRODUCTION SYSTEM 
Animal intensity 474 Continuous (animal feed units, SS 2016) 6.91 10.77 0 66.25 
Cultivated land 475 Continuous (in has, SS 2016) 8.99 8.31 .25 50.5 
Irrigation 474 Ratio (1 – all land irrigated to 0 – all land 

rainfed, SS 2016) 
.73 .37 0 1 

Land Ownership 475 Ratio (1 – all land owned to 0 – all land rented, 
SS 2016) 

.70 .38 0 1 

Machine 
ownership 

475 Scale (10 – owns all basic farming implements; 
0 – none) 

3.41 3.11 0 10 

Credit use 475 Dummy (1 – no credit use; 2 – some credit use) 1.49 .50 1 2 
FARM HH DEMOGRAPHICS 
Farmer age. 473 Continuous (in years) 56.20 13.84 23 88 
Family size 475 Continuous (number of HH residents 15 years 

old and up) 
3.83 1.87 1 14 

Education 473 Dummy (0 =none; 1=elementary; 2=higher) .59 .63 0 2 
Housing 
conditions 

466 Continuous (sum of z-scores for various HH 
characteristics) 

.04 3.31 -11.94 8.34 

Off-farm income 475 Dummy (1 = some off-farm income; 0 = all 
income from farm) 

.40 .49 0 1 

Subsistence 
farmer 

475 Dummy (1 = no agricultural output surplus; 0 = 
some surplus) 

.16 .37 0 1 

REGION CHARACTERISTICS 
Location 475 Dummy (1 – Michoacan; 0 – Guanajuato) .60 .49 0 1 

Note: “SS 2016” stands for the Spring-Summer 2016 cropping season being used as period of reference. 
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Table 3.4. Variable definitions and summary statistics: cognitive social capital 

Item n Variable Mean SD Min Max 
1. Trust variables 
T1 398 Trust in people from your own village 2.088 .734 0 3 
T2 398 Trust in people from other villages in the region 1.56 .872 0 3 
T3 398 Trust in agricultural inputs provider 1.897 .82 0 3 
T4 398 Trust in other government officials (federal, state, local) 1.188 .99 0 3 
2. Social norms variables 
N1 398 Giving or exchanging gifts 1 .881 0 3 
N2 398 Giving money for community activities (“cooperacha”) 1.352 .888 0 3 
N3 398 Giving time to other people, especially the poor 1.01 .912 0 3 
N4 398 Resolving conflicts or disputes among people .915 .88 0 3 
N5 398 Abiding by the community rules and bylaws 1.226 .889 0 3 
N6 398 Women’s confidence for public speaking  1.508 .845 0 3 
N7 398 Men to women’s consideration and respect  1.729 .729 0 3 

Notes: 
 “T” stands for the Trust dimension, and “N” stands for the Social Norms dimension. 
A Likert scale (0-3) is used as measurement scale. 

Table 3.5. Variable definitions and summary statistics: structural social capital 

Item n Variable Mean SD Min Max 
1. Bonding networks variables  
Bo1 398 Visited a neighbor informally 1.364 1.425 0 4 

Bo2 398 Attended a local social function (e.g., wedding, funeral, 
party) 

.892 1.088 0 3 

Bo3 398 Attended a meeting where village issues are discussed .827 .853 0 3 

Bo4 398 
Participated in a community project (e.g., cleaning a well, 
painting the local school, sweeping community garden) 

.583 .921 0 3 

Bo5 398 Visited another farmer within own community to learn 
about agriculture 

1.03 1.389 0 4 

2. Bridging networks variables 

Bi1 398 Travelled outside the village for business or agricultural 
training 

.997 1.392 0 4 

Bi2 398 Travelled outside the village for personal or family reasons 1.339 1.495 0 4 

Bi3 398 Received visitors from outside the village for business or 
agricultural training 

.688 1.241 0 4 

Bi4 398 Received visitors from outside the village for personal or 
family reasons 

1.628 1.506 0 4 

Bi5 398 
Has been visited at home/land plot by agricultural 
extension agents 

.734 1.265 0 4 

Notes:  
“Bo” stands for the “Bonding Networks” dimension, and “Bi” stands for the “Bridging Networks” dimension. 
Frequency response categories generated through the quantile ranking method (quintiles for 0-4 response categories; 
and quartiles for 0-3 response categories).  
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The summary statistics for various structural social capital variables presented 

abnormally large standard deviations. Upon review of the data, I attributed this issue to a 

large portion of respondents having none or very few social interactions. The 

consequence are variables with positively skewed distributions, which may be a 

limitation to the application of statistical techniques below.  

3.4.2. Results from the two-step methodological approach  

Exploratory factor analysis 

The results from the EFA indicate a Kaiser-Meyer-Olkin (KMO) measure of 

sampling adequacy of .804 and a Bartlett test of sphericity significant at p < .001 (Table 

3.6). Both statistics support the suitability of my social capital dataset for an EFA 

procedure.28 For identification of the number of factors to retain I applied the 

conventional Kaiser procedure and a scree test. The Kaiser procedure (for retaining 

factors with eigenvalues exceeding unity) suggested a seven-factor solution.29 The scree 

test (which discerns between random and non-random factors by identifying the level-off 

point between eigenvalue differences) suggested the same factor solution (Table 3.7). 

While the cumulative explained variance of the seven-factor solution was 55.1%, one 

limitation is that factors four, five, six and seven do not meet Costello & Osborne's 

(2005) criteria of no factor loadings with fewer than three items.30  

  

                                                 
28 According to Cerny & Kaiser (1977), the KMO measure holds .6 as the minimum acceptable 
value and between .8 and 1 as adequate for an EFA. 
29 A parallel analysis suggested retaining eight factors. However, the eight-factor solution 
provided a more complex pattern matrix vs the seven-factor solution and thus the former was 
discarded. 
30 Njuki et al. (2008) apply a more stringent - but arbitrary - eigenvalue cut-off of 1.3. A replication 
of that approach to my data produced 3-factors, which loaded with at least three items each. This 
factor solution, however, provided a low explanatory power (33.94%) and was discarded. 
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Table 3.6. Exploratory factor analysis: pattern matrix of social capital 
dimensions 

Social Capital: cognitive 
and structural variables 

Underlying Factors (Unobservable) 
Commun-
alities 

Factor 1 Factor 2 Factor 3 Factor 4 Factor 5 Factor 6 Factor 7  

Norms 
General  
Trust 

Farming 
Networks 

Local 
Functions 

Informal 
Bridging 

Community 
Engagement 

Extension / 
Advisory   

N1.giving.gifts  .652       .437 
N3. helping.poor .623       .448 
N2.crowdfunding .599       .337 
N5.abiding.laws .540       .380 
N6.women.confidence .485       .312 
N7.women.respect .466       .344 
N4.solving.conflicts .346       .307 
T3.input.providers   .566      .319 
T4.govmt.officials   .518      .217 
T1.own.village   .505      .415 
T2.other.villages   .423      .335 
BI1.work.travel   .585     .283 
Bo5.local.farmer   .507     .245 
Bi3.work.receive   .428     .266 
Bo1.neighbor.visit         .204 
Bo2.local.event    .829    .730 
Bi2.personal.travel     .624   .393 
Bi4.personal.receive   .319  .410   .322 
Bo4.comm.project      .422  .214 
Bo3.comm.engagement      .413  .225 
Bi5.extension.receive       .532 .308 
Explained variance (%) 19.252 8.314 6.371 5.536 5.405 5.267 4.920  
Eigenvalues 4.043 1.746 1.338 1.162 1.135 1.106 1.033  
Cumulative variance 
(%) 19.252 27.566 33.937 39.472 44.878 50.145 55.065  

Bartlett’s correlation 
significance test Chi Square = 1246.723, degrees of freedom = 210, p value = 0.000  

KMO measure of 
sampling adequacy 0.804 

Notes:  
N refers to “Norms”; T refers to “Trust”; Bo refers to “Bonding networks”; Bi refers to “Bridging networks”. 
Factor scores lower than 0.3 are not shown. 
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Table 3.7. Scree test based on eigenvalues and their differences 

 FACT1 FACT2 FACT3 FACT4 FACT5 FACT6 FACT7 FACT8 FACT9 
Eigenvalue 4.043 1.746 1.338 1.162 1.135 1.106 1.033 0.920 0.884 
Difference 2.297 0.408 0.176 0.027 0.029 0.073 0.113 0.036 0.048 
Proportion 0.193 0.083 0.064 0.055 0.054 0.053 0.049 0.044 0.042 
Cumulative 0.193 0.276 0.339 0.395 0.449 0.502 0.551 0.595 0.637 

 

 FACT10 FACT11 FACT12 FACT13 FACT14 FACT15 FACT16 FACT17 FACT18 
Eigenvalue 0.836 0.799 0.742 0.726 0.673 0.637 0.622 0.604 0.547 
Difference 0.037 0.057 0.016 0.053 0.036 0.015 0.018 0.057 0.022 
Proportion 0.040 0.038 0.035 0.035 0.032 0.030 0.030 0.029 0.026 
Cumulative 0.676 0.714 0.750 0.784 0.816 0.847 0.876 0.905 0.931 

 

 FACT19 FACT20 FACT21 
Eigenvalue 0.525 0.493 0.426 
Difference 0.032 0.067  
Proportion 0.025 0.023 0.020 
Cumulative 0.956 0.980 1.000 

Note: Following D’agostino & Russell (2005) criterion, the bolded column constitutes the last non-random factor. 

I labelled the seven social capital dimensions as 1) Norms, 2) General trust, 3) 

Farming networks, 4) Local functions, 5) Informal bridging networks, 6) Community 

engagement, and 7) Extension/Advisory. “Norms” comprises local conventions on 

informal rules and cooperation; “General trust” focuses on the farmers’ trust across 

people of different backgrounds; “Farming networks” consists of social interactions 

related to the agricultural enterprise; “Local functions” is related to attendance at local 

events such as weddings, funerals, or parties; “Informal bridging” refers to interactions 

with friends or family members that live outside the village; “Community engagement” 

refers to interactions with people through community meetings (e.g., townhall) or 

community projects (e.g., maintenance of church, school buildings, and other public 

facilities); and “Extension / Advisory” refers to interactions with agricultural extension 

personnel or private input providers.  

Latent profile analysis 

From the results of the EFA, I estimated social capital dimensions’ (i.e., factor) 

scores for each individual farmer using the regression scores method. The results were 
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used in the LPA and regression procedures that follow. As shown in Table 3.8, the class 

varying, unconstrained LPA model presents better model fit scores than other model 

specifications (i.e., class-invariant, unconstrained; class-invariant, diagonal; and class-

varying, diagonal).31 Following Masyn (2013) and Schreiber (2017), I focused on the two, 

three, and four-class models with BIC values under the BIC of the benchmark model. 

Chung, Anthony, & Schafer (2011) note that when an explanatory theory is not available, 

the choice on class number should balance model fit, interpretability, and parsimony. 

Here, the two-class model presents the lowest BIC value; however, the four-class model 

presents lower AIC and LL values. While the two and three-class models may be 

empirically superior by the BIC measure, I believe they do not substantively reflect the 

diverse social environment observed in RDDs 005 and 092. Thus, based on AIC and LL 

model fit scores, interpretability, and class size, I retained the class-varying, 

unconstrained four-class model for further analysis. 

  

                                                 
31 Other candidates with BIC values under that of the benchmark model were the five and six 
class-invariant unrestricted model specifications. Following Nasserinejad et al. (2017), these 
models were discarded as they produced classes under the minimum 5% cut-off. 
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Table 3.8. Comparison of best fit indicators for benchmark vs all variance-
covariance structures latent profile models 

 BIC AIC LL Cases per class (n) 
Benchmark 5725.801 5586.275 -2758.138 398 
Class-invariant, diagonal     
1 6537.168 6481.358 -3226.679 398 
2 6044.185 5956.483 -2956.242 264/134 
3 5922.639 5803.046 -2871.523 115/220/63 
4 5914.262 5762.777 -2843.388 55/112/174/57 
5 5845.507 5662.131 -2785.065 52/21/118/165/42 
6 5842.813 5627.545 -2759.772 15/62/50/41/83/147 
Class-varying, diagonal     
1 6537.168 6481.358 -3226.679 398 
2 5982.678 5867.071 -2904.535 197/201 
3 5861.304 5685.9 -2798.95 152/158/88 
4 5825.797 5590.597 -2736.298 145/152/48/53 
5 5836.65 5541.653 -2696.826 59/87/199/51/82 
6 5816.906 5462.112 -2642.056 45/64/43/49/86/111 
Class-invariant, 
unconstrained 

    

1 5725.801 5586.275 -2758.138 398 
2 5677.702 5506.285 -2710.143 339/59 
3 5688.395 5485.086 -2691.543 103/252/43 
4 5726.706 5491.506 -2686.753 55/240/56/47 
5 5580.18 5313.088 -2589.544 38/78/252/19/11 
6 5256.307 4957.323 -2403.661 25/172/59/100/39/3 
Class-varying, 
unconstrained 

    

1 5725.801 5586.275 -2758.138 398 
2 5535.527 5252.489 -2555.245 191/207 
3 5590.329 5163.778 -2474.889 139/87/172 
4 5674.263 5104.2 -2409.1 158/63/79/98 
5 5882.207 5168.632 -2405.316 40/56/154/80/68 
6 5907.259 5050.172 -2310.086 61/93/119/26/64/35 

Notes: 
The benchmark model corresponds to the one-class, class-invariant unconstrained model. 
b Following Nasserinejad et al. (2017), class models with ≤ 5% of the farmer sample were excluded from the analysis. 
BIC, Bayesian information criterion. AIC, Akaike information criterion. LL, log likelihood.  

Figure 3.2 depicts the LPA-generated four social capital classes established from 

the results of the EFA. These can be broadly be divided into negative and positive social 

capital groups but marked differences in the Local Functions and Extension / Advisory 

dimensions may be influencing their partition into four different groups. Using a social 
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capital endowments criterion, I labelled the first class “low social capital” (Low SC). The 

second class was labelled “low-balanced social capital” (Low-Balanced SC). The third 

class was labelled “high-balanced social capital” (High-Balanced SC). And the fourth 

class was labelled “high social capital” (High SC). It is worth noting these four social 

capital classes are integrated as a set of dummy variables in the econometric analysis 

that follows, using the Low SC class as base category. 

 

Figure 3.2. Mean factor scores of social capital dimensions: class varying, 
unconstrained four-class latent profile analysis 

Note: NS = Norms; GT = General Trust; FN = Farming networks; LF = Local functions;  
IB = Informal bridging; CE = Community engagement; AD: Advisory / Extension. 

Next, I carried out a profiling exercise where social capital classes are linked to 

variables of interest. Farmers in the Low SC class can be labelled “marginal farmers” as 

they typically own few animals and machinery, are older with low education, have poor 

housing conditions, and often rely on off-farm employment. Farmers in the Low-

Balanced SC class can be labelled “traditional farmers” since they own many animals, 

cultivate little land, have low access to irrigation and often rely on subsistence farming. 

Farmers in the High-Balanced SC class can be labelled “well-off farmers” since they 

cultivate large extensions of land, have fair access to irrigation, rent a fair amount of 
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land, own various machinery implements, have little farming experience, are well 

educated, have fair housing conditions, and typically sell their crops. Farmers in the High 

SC class share various traits with well-off farmers but are labelled “professional farmers” 

because they are more educated. Finally, F and Kruskal-Wallis tests were run to verify 

the null hypothesis of equal means across categories simultaneously, with the latter test 

being used when violations to the normality assumption may be an issue in the dataset. 

For both tests, the null hypothesis of equal means across the four social capital classes 

was rejected for the variables of cultivated land, irrigation, machinery ownership, credit 

use, farmer age, education level, and housing conditions. See Table 3.9. 

Overall, the results provide a plausible picture of social capital across my 

farmers’ sample. Members of the Low and Low-Balanced classes have lower access to 

economic, physical, and human capital assets. In contrast, members of the High and 

High-Balanced classes have greater access to them.   
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Table 3.9. Farmer characteristics by social capital class membership 

 
Class 1: Low 

SC 

Class 2: 
Low-

Balanced SC 

Class 3: High-
Balanced SC 

Class 4: 
High SC 

All classes 

Variable Mean (SE) Mean (SE) Mean (SE) Mean (SE) F-test KW-test 
Animal intensity 
(units) 

6.68 (0.81) 8.18 (1.61) 7.80 (1.53) 7.35 (0.98) 0.34 1.33 

Cultivated land 
(has) 

7.95 (0.66) 7.86 (0.68) 12.35 (1.13) 9.94 (0.84) 5.78*** 22.41*** 

Irrigation (ratio) 0.70 (0.03) 0.67 (0.05) 0.85 (0.03) 0.77 (0.03) 4.33** 11.99** 
Land ownership 
(ratio) 

0.75 (0.03) 0.71 (0.05) 0.65 (0.04) 0.66 (0.04) 1.72 7.36* 

Machine ownership 
(units) 

3.01 (0.26) 3.28 (0.35) 4.66 (0.37) 3.60 (0.29) 5.21*** 14.84*** 

Credit use (dummy) 1.41 (0.04) 1.46 (0.6) 1.67 (0.05) 1.56 (0.05) 5.49*** 15.93*** 
Farmer age (years) 58.34 (1.14) 55.27 (1.63) 53.32 (1.53) 53.97 (1.32) 3.32** 9.04** 
Family size (units) 3.82 (0.16) 3.95 (0.23) 3.43 (0.17) 4.11 (0.20) 1.99 6.58* 
Education (dummy) 0.46 (0.05) 0.52 (0.07) 0.76 (0.07) 0.82 (0.07) 8.84*** 26.72*** 
Housing conditions 
(z-scores) 

-0.41 (0.25) 0.33 (0.40) 0.88 (0.30) 0.50 (0.32) 3.68** 12.55** 

Off-farm income 
(dummy) 

0.40 (0.04) 0.40 (0.06) 0.37 (0.06) 0.37 (0.05) 0.13 0.40 

Subsistence farmer 
(dummy) 

0.15 (0.03) 0.21 (0.05) 0.08 (0.03) 0.11 (0.03) 1.92 5.73 

Location (dummy) 0.62 (0.04) 0.68 (0.06) 0.56 (0.06) 0.53 (0.05) 1.53 4.57 
Notes:  
Standard errors in parentheses. 
The null hypothesis of equal means across social capital classes/categories (𝐻 : 𝜇 𝜇 𝜇 𝜇 𝜇  was 
assessed using F and Kruskal-Wallis tests, where *p < 0.10, **p < 0.05, *** p < 0.01. 

Econometric analysis of CA adoption intensity 

The use of an ordinal-type regression technique such as generalized ordered logit 

entails the simultaneous regression of two or more dependent variable categories. This 

method is equivalent to a binary logistic regression, where categories are combined 

whenever they are greater than two (Williams, 2006). This chapter uses three adopter 

categories (i.e., “none”, “partial”, and “full”) as reference for the farmers’ intensity of use 

of the CA system. Thus, each model in Table 3.10 represents a simultaneous regression 

that captures a growing intensity of CA adoption: (1) Conventional Tillage (non-adopters) 

vs Partial CA and Full CA adopters, and (2) Conventional Tillage (non-adopters) and 

Partial CA adopters vs Full CA adopters. A feature of the generalized ordered model is 

the proportional odds/parallel regressions assumption, which means that the estimated 



 74

𝛽’s remain the same across simultaneous regressions (Williams, 2016). Due to this 

assumption being often violated (Long & Freese, 2014), a Brant test allowed me to 

check for deviations from proportionality and I found that one or more independent 

variables violated the proportional odds assumption in my simultaneous regressions.  

An equivalent parameterization of the generalized ordered model is called 

unconstrained partial proportional odds, which is capable of relaxing the parallel-lines 

assumption for pre-specified independent variables (Peterson & Harrel, 1990). In Table 

3.10, each independent variable has one 𝛽 coefficient and deviations from 

proportionality across simultaneous regressions are represented by 𝛾’s (Williams, 2006). 

Thus, the Gamma coefficients are equal to regression 2 – regression 1 parameters for 

variables that violated the proportional odds assumption. And results in the alpha 

category stand for the regression intercepts of each function.  
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Table 3.10. Factors influencing adoption intensity for conservation agriculture 

 Model 1 – Standard model Model 2 – SC dimensions Model 3 – SC classes 
Variables Coefficient Std. Error Coefficient Std. Error Coefficient Std. Error 
FARM PRODUCTION SYSTEM 
Animal intensity 0.004 0.010 0.004 0.011 0.001 0.011 
Cultivated land 0.042 0.017** 0.021 0.020 0.044 0.018** 
Irrigation 1.066 0.338*** 0.802 0.368** 0.890 0.360** 
Land ownership 0.997 0.319*** 0.864 0.368** 0.910 0.357** 
Machinery ownership 0.075 0.040* 0.056 0.044 0.050 0.043 
Credit use 0.852 0.221*** 0.850 0.247*** 0.887 0.239*** 
FARM HH DEMOGRAPHICS 
Farmer age 0.131 0.054** 0.143 0.059** 0.141 0.058** 
Farmer age squared -0.001 0.000*** -0.001 0.001*** -0.001 0.001*** 
Family size (work age) -0.024 0.055 -0.031 0.060 -0.023 0.059 
Education_elementary 0.260 0.259 0.188 0.288 0.233 0.285 
Education_ higher -0.492 0.445 -0.738 0.501 -0.547 0.486 
Housing conditions 0.006 0.032 0.038 0.039 0.031 0.037 
Off-farm income -0.275 0.216 -0.261 0.238 -0.227 0.234 
Subsistence farmer -0.620 0.374* -0.744 0.427* -0.652 0.420 
SOCIAL CAPITAL DIMENSIONS 
Norms   -0.009 0.209   
General trust   -0.124 0.200   
Farming network   0.122 0.205   
Local function   0.121 0.144   
Informal bridging   0.092 0.189   
Community engagement   0.112 0.237   
Advisory / Extension   0.330 0.199*   
SOCIAL CAPITAL ENDOWMENTS CLASSES 
Low-balanced SC class     0.056 0.329 
High-balanced SC class     0.209 0.304 
High SC class     0.169 0.301 
REGION CHARACTERISTICS 
Location -0.168 0.218 0.068 0.253 0.006 0.239 
GAMMA 
Cultivated land   0.031 0.014**   
Land ownership   0.589 0.292** 0.539 0.274** 
Community engagement   0.286 0.139**   
High SC class     0.418 0.190** 
ALPHA 
_const_1 -5.250 1.549*** -5.035 1.706*** -5.337 1.668*** 
_cons_2 -6.004 1.556*** -6.546 1.730*** -6.595 1.684*** 
Log likelihood -382.38534  -321.08768  -326.11229  
Pseudo R2 0.1399  0.1537  0.1405  
AIC 798.7707  696.1754  696.2246  
BIC 869.0015  803.0528  783.3099  
N 460  387  387  

Notes: 
*p < 0.10, **p < 0.05, *** p < 0.01. 
Models one, two, and three constitute simultaneous regressions where the dependent variables are “none” vs “partial” 
and “full” CA adopters (for regression 1), and “none” and “partial” vs “full” CA adopters (for regression 2). 
Repeated appearance of independent variables under Gamma category correspond to deviations from proportionality 
across simultaneous regressions. The Gamma parameter is equal to regression 2 – regression 1 parameters. 
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Model 1 is the standard adoption model that omits any type of social capital 

covariate. Model 2 includes the social capital multidimensional approach that is 

conventionally used in adoption studies. Model 3 introduces a set of dummy variables 

that captures the four social capital classes generated through my proposed two-step 

approach. Across models, I found various factors influencing CA adoption. On the farm 

production system category, increased cultivated area, higher access to irrigation, 

farmland ownership, and credit use frequency are variables positively associated with 

CA adoption intensity. For farm-household demographics, farming experience increases 

CA adoption intensity but only to a point where additional experience leads to reduced 

adoption intensity. Being a subsistence farmer is another factor that reduces CA 

adoption intensity, as noted by a significant and negative coefficient. Recall that Gamma 

coefficients in Table 3.10 capture deviations from proportionality across simultaneous 

regressions 1 (i.e., Conventional Tillage vs Partial and Full CA adopters), and 2 (i.e., 

Conventional Tillage and Partial CA adopters vs Full CA adopters). As noted in the 

Gamma parameterization, cultivated area and farmland ownership particularly influence 

Full CA adoption as evidenced by positive and significant coefficients.32 33 

In model 2, factor scores of seven social capital dimensions for individual farmers 

are regressed on CA adoption intensity. Here, Advisory / Extension plays a positive role 

on the intensity of CA adoption (partial and full), and – as shown under GAMMA - 

Community Engagement is positive and significant only for Full CA adoption. The set of 

dummy variables for social capital endowments classes is analyzed in model 3, using 

low SC class as base category. As noted under GAMMA, the High SC class presents a 

significant and positive coefficient (p < 0.05).34 This indicates that farmers with 

“membership” in the High SC class tend to adopt Full-CA, relative to farmers in the Low 

SC class. In terms of magnitude, this effect is relatively large and close in importance to 

that of land ownership. In addition, a comparative test between models 3 and 2 reports a 

                                                 
32 The Gamma coefficient of .0308604 (p < 0.05) for Cultivated land is the result of .0515571 - 
.0206967. 
33 The Gamma coefficient of .5891677 (p < 0.05) for Land ownership is the result of 1.453394 - 
.864226. 
34 The Gamma coefficient of .4184906 (p < 0.05) for High SC class is the result of .5870914 - 
.1686008. 
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BIC difference of 19.743. This provides strong support for the model that includes social 

capital classes vs the conventional social capital multidimensional approach.35 

3.5. Discussion 

Since the late 1990s, social capital has been on the development scientists’ radar as 

one potential determinant of household well-being and poverty reduction (Grootaert & 

Bastelaer, 2002), and for improved management of natural resources (Pretty & 

Bharucha, 2018; Pretty & Ward, 2001). Links between social capital and the adoption of 

farming innovations have also been theorized (Rogers, 2010). However, as an intangible 

component of the sociocultural environment, social capital presents chronic identification 

and measurement challenges that require the use of improved methodologies (Knowler, 

2015). 

The identification of social capital profiles from survey data has typically been 

inferred through distance-based clustering techniques, such as Hierarchical Cluster 

Analysis. To improve membership accuracy, in this study I introduced LPA as a model-

based alternative that can be applied to the social capital identification and 

measurement dilemma. A few studies have set out to investigate which of these 

strategies provides more accurate results. The empirical evidence suggests that LPA 

may be superior, as classes are inferred through maximum likelihood estimation, and 

also as it offers a clear criteria for choosing the number of classes that best represent 

social capital’s underlying structure (Benassi et al., 2020; Schreiber & Pekarik, 2014). 

A relevant discussion is on the value of using four social capital classes as a set 

of dummy variables in my regression versus using the individuals’ factor scores for 

seven social capital dimensions, or even the arithmetic mean of the latter. There are two 

answers to this question. First, the study by Hunecke et al. (2017) provides evidence of 

interactions between cognitive and structural components of social capital, which are at 

play on the farmers’ adoption of CFTs. The “endowments” approach captures such 

cooperative effects or interactions across social capital dimensions, therefore providing a 

broad understanding of the role of the sociocultural environment on CFT adoption. The 

multidimensional approach fails to address these interactions, while the arithmetic mean 

                                                 
35 The comparison of BIC values was carried out using the fitstat command in Stata/IC 15.1. 
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of individual factor scores essentially acts as a “black box”, where any nuances between 

“positive” and “negative” social capital dimensions are lost (Kaasa, 2009). Second, by 

being a function of the dataset variance, the endowments approach works out any 

combinations of social capital that best reflect the sociocultural environment among the 

study sample. In this study, the ordinal range of my results (i.e., low to high classes) 

allowed me to interpret CA adoption in light of Woolcock & Narayan's (2000) social 

capital endowments theory. This exercise would not be applicable through the 

multidimensional or arithmetic mean approaches. As shown in Table 3.10, a comparison 

of BIC and AIC model fit scores suggests the social capital endowments approach is 

superior to the multidimensional approach for explaining CA adoption. However, I am 

cautious not to claim superiority of either method. Following Njuki et al. (2008), I believe 

the multidimensional and class membership approaches can help understand CFT 

adoption differently. 

Some studies provide evidence that region-specific social capital frames CFT 

adoption behavior (Hunecke et al., 2017; Njuki et al., 2008; Saint Ville et al., 2016; 

Teshome et al., 2016; Van Rijn et al., 2012). My study was motivated by the work from 

Knowler & Bradshaw (2007) and Knowler (2015), who point at social capital as a 

potentially missing link in CA adoption research. Plugging the results from both 

multidimensional and endowment class approaches into multivariate regressions, I could 

confirm that social capital is a predictor of the farmers’ CA adoption in RDDs 005 and 

092. On one hand, the Advisory/Extension social capital dimension was positively linked 

to overall CA adoption, and Community engagement was positively linked to adoption of 

the Full CA system. On the other hand, members of the High social capital endowments 

class were more likely to adopt the Full CA system vs farmers in the lowest class. This 

finding is consistent with Moore, Myers, & Clements' (2014) view that resources obtained 

from balanced social networks, once mediated by the leverage granted by trust and well-

defined rules of the game (i.e., social norms), positively influence CFT adoption. 

Woolcock & Narayan's (2000) theory holds that as individuals accumulate 

diverse stocks of social capital they will “get ahead”, in the development sense (p. 232). 

My analysis suggests that farmers members of the High SC class adopt more principles 

of the CA system vs members of the Low SC class. While these findings partly match 

my expectations, I am careful not to generalize conclusions to other CFTs. The study by 

Njuki et al. (2008) proposes that the nature of a farming practice (i.e., whether it is 
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knowledge, input, or labour intensive) determines how it can be influenced by social 

capital. Currently, it is broadly accepted that the CA system is both management and 

knowledge intensive, and complex to practice (Kassam et al., 2014). Thus, my results 

could potentially be replicated for other knowledge-intensive packages such as 

integrated pest management, or the “push-pull” intercropping technology. However, for 

simpler practices such as animal manure incorporation or stone terrace building, the 

social capital endowments required to further adoption may be radically different.  

The immediate policy recommendation from my findings is that governments 

should invest resources on community-level social capital interventions that facilitate a 

desired CFT adoption. Brown & Livermore (2019) note these interventions typically 

come in two types: (i) interventions that modify the structure of social networks, or that 

identify and promote “social change” leaders, and (ii) interventions that strengthen the 

social fabric through community-oriented activities that build trust, engagement, and 

reciprocity. In view of a declining financial support for agriculture worldwide, my study 

can help identify social capital “endowments” that deliver the biggest bang for each 

(extension) buck. In Mexico, for example, total support to agriculture declined from just 

over 2.5% of Gross Domestic Product in the period 1991-1993 to 0.5% in the period 

2017-2019 (OECD, 2020). Concomitantly, since 2010 the MasAgro program relies on a 

hub-based model of lead farmers and extension professionals that promote technology 

transference to farmers with low(er) resource endowments (see Camacho-Villa et al., 

2016). I urge for funding to these programs to be maintained. 

3.6. Limitations  

My study suffers from several limitations. First, the long-standing problem of social 

capital “endogeneity” was not addressed. As noted by Grootaert & Bastelaer (2002), this 

issue entails that the direction of causality between increased household welfare (or 

monetary income) and social capital acquisition is unknown. The reason for this 

shortcoming is the use of cross-sectional, non-experimental data in this study. 

A related limitation is that I only measured social capital as a cross-sectional 

exercise. By definition, social capital is an asset that appreciates or depreciates with use 

(Ostrom, 2000). From conversations with farmers, I noted variations in their social 

networks and community leadership roles over time, but I was unable to formally capture 
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these events with my survey instrument. A more robust analysis of social capital would 

perhaps involve an autoregressive model, in which the lagged effect of social capital on 

CA adoption can be explored. A Longitudinal LCA approach has been proposed to 

model a latent class variable that captures heterogeneity from repeated measures over 

time (see Nylund-Gibson & Choi, 2018). This task remains pending for future research.  

3.7. Conclusion 

This study aimed to contribute to the methodological treatment of social capital, because 

previous approaches have faced identification and measurement challenges. Applying a 

two-step approach based on Exploratory Factor Analysis and Latent Profile Analysis, I 

aimed to uncover social capital “endowments” classes to improve understanding of the 

role of the sociocultural environment on various development outcomes. Although this 

methodology can be potentially applicable to measuring other intangibles, such as 

perceptions and motivations. With an application to the farmers’ adoption of CA in the 

Mexican states of Guanajuato and Michoacan, I was able to uncover four social capital 

“endowments” classes from my data: Low, Low-Balanced, High-Balanced, and High. 

Using partially generalized ordered logit regressions, I found that members of the High 

social capital endowments class tend to adopt more principles of the CA system relative 

to members of the lowest endowment class. I noted these results might be associated to 

the knowledge-intensive nature of the CA system; however, adoption of less complex 

farming practices or systems may require radically different social capital endowments. I 

am careful to emphasize my findings were drawn from a limited cross-sectional farmer 

sample, however, I believe they represent a step forward in understanding sociocultural 

environments and their role towards promoting sustainable farming systems. 
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Chapter 4.  
 
Farmers’ speed of adoption for Conservation 
Agriculture in Mexico: a recurrent event times 
analysis 

Abstract 

In the face of a global environmental food crisis projected by the year 2050, the United 

Nations’ Food and Agriculture Organization (FAO) advocates conservation farming 

technology (CFT) as a crucial tool to intensify crop production while restoring ecosystem 

balance. However, the uptake of such technology remains slow-paced in resource-

limited contexts. Current research on the farmers’ waiting time to adopt CFTs remains 

limited due to a focus on the first adoption event, which ignores the repeated nature of 

such a decision across cropping seasons. This study improves upon that approach by 

modelling recurrent adoption events using conditional risk set, conditional frailty, and 

frailty-mixture methods. These approaches control for issues of between-subject random 

variation (i.e., frailty), within-subject random variation (i.e., event dependence), and for 

the existence of a cured-subject fraction. Using recall survey data from Mexican farmers 

in the period 2000-2016, I model recurrent adoption of No-till (NT) and Conservation 

Agriculture (CA) to identify what factors (farm-household demographics, farm-production 

system, and social capital) influence the instantaneous adoption risk rate. The results 

indicate that farmers with greater access to irrigation and machinery, better housing 

conditions, and especially higher credit use and social capital endowments, demonstrate 

speedier adoption. For older farmers with off-farm income sources, adoption appears 

slower. This study ties adoption dynamics theory with recurrent event analysis methods. 

It identifies variables that influence the adoption risk rate for current and potential 

adopters, but also reveals that some farmers may never adopt. These findings call for a 

reframing of our current food security/climate change strategy. While policy efforts 

should continue to focus on increasing farmers’ uptake of CFTs, alternative pathways 

must be provided for non-adopters. Beyond farm level, a global level reform to develop 

more equitable food systems is urgently needed as we approach 2050.  
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4.1. Introduction 

As the year 2050 approaches, concerns on the future of agriculture have grown into 

what some analysts frame as “a perfect storm” (Beddington, 2009; FAO, 2018; Gibbon, 

2011). Derived from population growth and a rising income per capita, it is projected that 

an increase in current crop production levels of between 25 to 70 percent must be 

achieved to feed future generations (Hunter et al., 2017).36 The uncertainties brought up 

by climate change such as higher temperatures, modified rain regimes, and more 

extreme climatic events further intensify the projected food security challenge (Mbow et 

al., 2019).  

While the goal of increased yields is deemed as achievable at current rates of 

crop productivity growth, there is less attention to the environmental pressures that this 

endeavour presents (Stringer et al., 2020). As noted by Hunter et al. (2017, p. 386), a 

“produce-at-all-costs mentality” could aggravate existing environmental problems by 

intensifying fertilizer, irrigation, pesticide, and tillage use in already burdened soil 

ecosystems. Other authors also question the push for increased yields when close to 

14% of the worlds’ food is lost by being discarded, incinerated, or otherwise disposed of 

at any point from post-harvest to the distribution stages (FAO, 2019), and up to 17% is 

wasted by being discarded from retail to the final consumption stages (UNEP, 2021). 

Benyam, Soma, & Fraser (2021), for example, point out that increasing food production 

for a growing population would be futile if food loss and waste are not addressed in 

tandem. Thus, an effective reform to our global food system requires that increased crop 

productivity, restoration of ecosystem functioning, and improved food management 

become balanced goals (Hunter et al., 2017; Long et al., 2016; Stringer et al., 2020). 

In this race against time, technological change appears to be one of humanity’s 

strong poker-hands (Benyam et al., 2021; Beyene & Kassie, 2015; Stringer et al., 

                                                 
36 Previous estimates project a 60% food demand increase from a 2005/2007 baseline 
(Alexandratos & Bruinsma, 2012), and a 100% increase in calories and 110% in protein from a 
2005 baseline (see Tilman et al., 2011). Hunter et al. (2017) adjust these estimates for 
miscalculations and productivity gains from a 2014 baseline.   
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2020).37 Global investment in agricultural research and development has been on the 

rise since the 1980s, albeit with some regional asymmetries (Beintema et al., 2020). 

However, numerous analyses point at a slow farmer uptake of resource-conserving 

innovations in developing regions (Kassam et al., 2015; Long et al., 2016; Röling, 2009). 

Thus, given the year 2050 deadline, it is urgent to uncover the levers that can speed up 

the adoption of conservation farming technologies (CFTs). 

Among a wide spectrum of CFTs, Conservation Agriculture (CA) stands out due 

to its accelerated global spread in the last few decades, but also because of dissimilar 

adoption rates across countries (Kassam et al., 2015). The CA system intersects three 

agronomic principles: minimum soil disturbance, organic soil coverage, and crop 

diversification (FAO, 2021b). CA uptake has been associated with higher profitability 

from both increased yields and reduced farming costs per hectare (Reeves et al., 2016). 

CA has also been linked to improved soil physical conditions, particularly in regards to 

soil compaction, water retention, heat transportation, and soil structural quality and 

stability (Blanco-Canqui & Ruis, 2018). These benefits, however, seem highly dependent 

on soil class texture and on the farmers’ continuous uptake of NT (Blanco-Canqui & 

Ruis, 2018). A point of debate is on whether NT farming systems hold any potential for 

climate change mitigation. The conversion from tillage to NT farming has been 

associated with important soil carbon sequestration effects (Govaerts et al., 2009; 

UNEP, 2013). But this evidence is disputed by authors who note the carbon storage 

potential of soils under NT is trivial, and where noticeable, it is due to altered soil depth 

distribution on the surface rather than a uniform increase (Powlson et al., 2014). In 

general, it is recognized that greenhouse gases are reduced from a lower use of tractor 

fuel and animal feed/manure (Powlson et al., 2014; Reeves et al., 2016). For this 

reason, NT farming is generally agreed upon as a climate change adaptation strategy.  

A wealth of research has inquired into the variables that influence farmers’ CA 

adoption from a cross-sectional perspective (see Knowler & Bradshaw, 2007; Ruzzante, 

Labarta, & Bilton, 2021). Other work has explored the farmers’ adoption pathways for 

CFTs (Andersson & D’Souza, 2014; Baudron et al., 2007; Brown et al., 2017; Pulido-

Castanon & Knowler, 2020). While such literature is foundational to understand CA 

                                                 
37 Stringer et al. (2020) discuss additional pathways to sustainable food systems, particularly 
improved infrastructure, access to credit, improved market access, and collective action.  
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uptake and diffusion, no study thus far has carried out an empirical analysis of the 

farmers’ “waiting time” to CA adoption (i.e., the time elapsed from technology awareness 

to adoption, and the timing of subsequent adoption events), and the determinants of this 

process. This paper addresses such a gap in the literature by modelling recurrent 

adoption events. The study focuses on Mexico, a country that despite experiencing over 

30 years of CA extension work, saw only 0.17% of its arable land under CA 

management by 2015-2016 (FAO, 2021a; Kassam et al., 2019). 

The study is structured as follows: Section 2 reviews relevant CFT adoption 

dynamics literature; Section 3 outlines the study location, survey instrument 

development and implementation, and the choice of statistical methods; Section 4 

presents the results; Section 5 discusses the study findings considering previous CA 

adoption research and provides policy recommendations; and Section 6 draws 

conclusions from the study. Supporting materials have been relegated to appendices. 

4.2. Background on agricultural technology adoption 
dynamics 

Originally published in 1962, the diffusion of innovations theory by Rogers (2010) 

remains the foundation for scientific and industry understanding of the spread of 

agricultural technologies. This theory postulates that the spread of innovations originates 

from farmers’ small-plot experimentation and cost-benefit evaluation - a mechanism 

known as “environmental learning” (Stone, 2007). On the basis of this theory, Rogers 

(2010) categorizes subjects according to their waiting time to adoption as “innovators”, 

“early adopters”, “early majority”, “late majority”, and “laggards” (p. 150). Other authors 

argue that sociocultural evolution is the mechanism that drives the innovation diffusion 

process. Henrich (2001), for example, demonstrates how biased cultural transmission 

(i.e., direct, prestige, and/or conformist biases) constitutes the predominant force behind 

innovation diffusion. Based on cumulative empirical evidence that displays an S-curve, it 

appears that the technology diffusion process is primarily driven by social learning, with 

environmental learning having an important, but secondary role (Stone, 2007).38  

                                                 
38 As shown by Henrich (2001), diffusion processes predominantly driven by environmental 
learning present an R-shaped curve. 
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Another key area of research is technology adoption dynamics.39 The analytical 

framework by Jabbar et al. (1998) proposes two farmer journeys or “pathways” of 

adoption that are driven by “new knowledge and experience gathered from learning-by-

doing as well as observing other adopters” (p. 5). These pathways describe adoption 

and intensity adoption decisions, but also technology modification and discontinuation 

over time. Here, Jabbar et al. (1998) stress the role of knowledge accumulation and 

technology understanding as determinants of the waiting time to adoption, and of 

continuous or discontinuous use over time. From a more applied perspective, Montes de 

Oca Munguia et al. (2021) propose a framework that captures timing and intensity of 

adoption at various stages of the CFT diffusion process.40 Using a survey instrument that 

can be calibrated to various CFTs, the authors identify adoption journeys defined in four 

stages: awareness, trial, current use, and future use (and intention). These studies 

highlight the importance of the “adoption lag” to understand technology adoption. 

Current empirical studies primarily rely on single-state duration models to 

analyze the farmers’ waiting time to CFT adoption. Examples include the work by 

Abdulai & Huffman (2005), Ahsanuzzaman (2015), Beyene & Kassie (2015), Burton et 

al. (2003), Dadi et al. (2004), D’Emden, Llewellyn, & Burton (2006), Fuglie & Kascak 

(2001), Matuschke & Qaim (2008), Ofori et al. (2020), and Yigezu et al. (2018). 

However, questions remain as the “time to first event” condition provides limited 

inferences for adoption journeys characterized by more than one event. One notable 

exception is Paudel et al.'s (2021) recurrent events analysis, where a conditional frailty 

model is used to estimate the adoption risk rate for precision farming (PF) practices in 

the US. It is worth noting that 92% of Paudel et al.'s (2021) farmers sample did not adopt 

any PF technology by the end of their survey. This issue cast doubts on the validity of 

their results, because the conditional frailty model assumes that all farmers in the study 

will eventually adopt (Xu & Cheung, 2015), which is often not realistic. 

In this chapter, I apply models for recurrent NT and CA adoption events for a 

sample of Mexican farmers. Similarly to Paudel et al. (2021), I resort to methods that 

                                                 
39 This discussion predominantly applies to “end-of-pipe” agricultural innovations, which means 
that farmers have not been involved in the technology development process (see Röling, 2009).  
40 To imprint a dynamic nature on their framework, Montes de Oca Munguia et al. (2021) depart 
from Pannell et al.'s (2006) adoption process flowchart, including (1) awareness, (2) non-trial 
evaluation (3) trial evaluation, (4) adoption, (5) non-adoption, (6) review and modification, and (7) 
dis-adoption. 
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control for correlation issues that are characteristic of multi-event analysis. However, the 

novel aspect of my study is the application of a split-population or “cure” modelling 

approach, which separately parameterizes adopting farmers from the non-adopters. This 

procedure may provide a more accurate estimate of the waiting time for CFT adoption.  

4.3. Materials and methods 

4.3.1. Background on duration modelling 

Baudron et al. (2007) and Pulido-Castanon & Knowler (2020) show that farmers can 

experience variations in their CA uptake status (i.e., adopter/dis-adopter) over time, 

which is consistent with the CFT adoption dynamics frameworks developed by Jabbar et 

al. (1998) and Montes de Oca Munguia et al. (2021). In focusing on the farmers’ waiting 

time to adopt CA, I apply methods that empirically analyse the time elapsed between 

recurrent adoption events. These duration models were originally developed in the 

context of engineering and medical research that analyze the time to “failure” as 

machine breakdown or death after organ transplant. In the duration literature, the term 

failure has become standard to indicate a pre-defined change in status (good or bad), 

and it will henceforth refer in this study to successful NT or CA adoption events. 

Similarly, the methods employed here estimate duration in terms of the “instantaneous 

adoption risk rate” for a relevant CFT. In this regard, a higher adoption risk rate would 

indicate increased speed of adoption, which is a desired attribute in the analysis.  

The duration models typically applied in the adoption literature belong to so-

called “single-state” processes, where once adoption is experienced the observed is 

assumed no longer at risk of returning to a non-adoption state (Box-Steffensmeier & 

Jones, 2004).41 For many CFTs, however, land managers re-evaluate their uptake 

decision with every new cropping season or year. Thus, the analysis of multiple-failure 

data (i.e., where adoption events are typically correlated) can be deemed as a more 

adequate empirical strategy. The term “multiple events” can have various interpretations 

but for the purposes of this study a functional specification is to think about NT and CA 

adoption event history as “ordered failure events”. Following Therneau & Grambsch 

                                                 
41 Box-Steffensmeier & Jones (2004) discuss how some applications resort to dropping all 
repeated events beyond the first one, thus assuming the time to first event is representative of all 
events. 
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(2000), this entails making two assumptions: 1) the same type of event can occur to a 

subject multiple times; and 2) repeated events follow a natural sequence, so that 

occurrence of event 𝑘 is conditional on the occurrence of event 𝑘 1, at time 𝑡.  

4.3.2. Recurrent events methods 

The Cox's (1972) proportional hazards model is a popular technique to estimate the time 

elapsed to the occurrence of a pre-specified event (e.g., death, incarceration, technology 

adoption). To achieve this purpose it relies on the partial likelihood method, which 

estimates the conditional probability of an event occurring at time t, given that it has not 

occurred yet (Box-Steffensmeier & Jones, 2004). The partial likelihood method critically 

relies on the assumption that time events are independent of each other (Box-

Steffensmeier & Jones, 2004). In the case of recurrent events, such assumption is 

unlikely to hold true due to the presence of within subject event dependence and 

between-subject heterogeneity (Xu & Cheung, 2015; Yadav, V, MA, & RM, 2018). With 

regards to event dependence, a farmer’s first adoption event for a CFT likely influences 

the frequency of future adoption events. With regards to heterogeneity, farmers typically 

present some degree of risk aversion to implementing new techniques (Knowler, 2004). 

Such a trait is rarely captured in empirical applications; however, it is a factor that likely 

influences the risk rate of the first adoption event. For these two reasons, simply pooling 

recurrent event data into a standard Cox model could produce a matrix that is 

inadequate for hypothesis testing (Box-Steffensmeier & Zorn, 2002). As noted by Box-

Steffensmeier & Zorn (2002) and Yadav et al. (2018), the failure to account for 

correlation would overstate the amount of information provided by each observation, 

leading to under estimation of standard errors (and the overestimation of t statistics). 

In recognition that first events are often correlated to later events (Box-

Steffensmeier & Zorn, 2002), extensions to the Cox model have been devised that 

correct for within-subject event dependence by means of estimating robust standard 

errors by subject or group. These approaches are known as variance-correction models 

and their choice depends on the way that failure times are configured, i.e., ordered or 

unordered; equal or distinguishable; conditional on previous events or not (Cleves, 

1999). From the catalogue of variance-corrected methods, I opted for the conditional risk 

set, where failures are treated as indistinguishable and further ranked by their 𝑘th order 
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of occurrence (Box-Steffensmeier & Jones, 2004). 42 This procedure incorporates the 

event dependence effect into event-specific risk rate functions (Xu & Cheung, 2015). 

Thus, the model estimates the “primary” effect of covariates on CFT adoption risk, as 

opposed to a “total” effect where an event would affect later event rate (Xu & Cheung, 

2015). As discussed, heterogeneity (in the form of omitted variable bias) is another 

common issue in recurrent events modelling. A conventional solution is the inclusion of a 

random-effects component into the equation – a practice known as “shared frailty 

modelling”. More recently, a “conditional frailty” approach has been proposed that 

combines a random-effects component with ordered event ranking (Box-Steffensmeier & 

De Boef, 2006). Given that both event dependence and frailty may influence the 

adoption risk rate in my analysis, I opted for the conditional frailty approach.  

Lastly, a challenge in the modelling of recurrent events is the probability of a 

cured fraction, which occurs when a portion of the observed subjects never experiences 

the event of interest (Schmidt & Witte, 1989). In the CFT adoption literature, even the 

most up-to-date studies fail to control for individuals that never become adopters, thus 

potentially introducing a result bias. This issue can be controlled through a “split-

population” approach, which introduces an expectation-maximization algorithm to 

separately parameterize the effect of individual characteristics on the proportion of 

subjects who never experience the event of interest, and on the time to event for the 

proportion of subjects who eventually fail (Gray, Evans, Anderson, & Kippen, 2010; Xu & 

Cheung, 2015). In the case of Mexico, there is evidence that a fraction of farmers does 

not adopt NT or CA even as time progresses (Pulido-Castanon & Knowler, 2020). Thus, 

I parameterize current and eventual CA adopters separately from non-adopters using a 

frailty-mixture regression approach, as proposed by Xu, Cheung, Lam, & Milligan (2012).  

Departing from the standard Cox model, the mathematical specification for the 

conditional risk set, conditional frailty, and frailty-mixture models are provided in 

Appendix C.  

                                                 
42 As noted by Box-Steffensmeier & Zorn (2002), the set of variance-corrected approaches 
includes the Andersen-Gill (Andersen & Gill, 1982), the conditional risk set (Prentice, Williams, & 
Peterson, 1981), and the marginal risk set (Wei, Lin, & Weissfeld, 1989) models. 
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Empirical simulation 

The database used in this study was structured as a pooled time-series, and farmer-

specific robust standard errors were applied. For the simulation of the time to NT or CA 

adoption, I took ‘years’ as the unit of measurement. When farmers expressed adopting 

in the same year as they gained awareness with such technologies (i.e., a failure at year 

zero), I recorded the first event lag as t=0.5.43. To set up the risk set, I opted for a time to 

previous event (i.e., “gap” time) specification due to its adequacy to study risks that 

develop sequentially (Box-Steffensmeier & Jones, 2004). Under such a configuration, 

the time re-starts after each adoption event and so the covariate estimates correspond 

to the risk rate since the previous adoption event (Box-Steffensmeier et al., 2007).  

To identify the potential effects of event dependence, heterogeneity, and a cured 

fraction, I estimated conditional risk set, conditional-frailty, and frailty-mixture models 

separately.44 To allow for time-varying independent variables, I created a separate 

record for each interval of time that was bounded by an event, which is a technique 

known as “event stratification”.45 In the observed period, farmers often experienced 

failures at the same recorded strata. These overlaps are known as “ties”, and they bring 

computational difficulties to the partial likelihood method (which assumes a continuous 

time scale). To handle these ties I applied the Breslow method, which uses an 

approximation to the marginal likelihood for the complementary log-log model (Allison, 

2014).46 For the assumed distribution of the shared frailty, I used a gamma distribution 

                                                 
43 Some statistical packages drop observations where a subject fails at time zero because he or 
she was not in the risk set for any length of time. This is primarily an issue of how time lags are 
recorded (e.g., minutes, hours, days, or years). In the case of failure at t=0, some analysts 
propose using t=0.5 as this value is reasonably close to 1 on the log scale, and because it is 
equidistant from 0 and 1 (StataCorp, 2014).  
44 The “proportional hazards” rate assumption in survival modelling implies that there is no 
interaction between the 𝑥 variables and time itself (Allison, 2014). I opted for ignoring potential 
violations to proportional hazards and thus coefficients represent a rough average of the effects 
of covariates over one-year periods (Allison, 2014).  
45 Event stratification comprehends one record from the start of observation to the first event, a 
record for each interval between subsequent events, and a record for the interval between the 
last event and the termination of the observation. 
46 Hertz-Picciotto & Rockhill (1997) show the Efron method is superior to the Breslow method for 
handling ties when modelling failure data. Unfortunately, Stata does not provide the former option 
for advanced recurrent events modelling. 
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which means that the relative variability of the frailties remains constant among 

“surviving” farmers (Gutierrez, 2002). 

The conditional risk set, conditional frailty, and frailty-mixture models were run 

with the Stata IC 15.1 software. 

4.3.3. Study site and data collection 

In this study, my goal is to investigate the farmers’ waiting time to adopt NT and CA 

applying a recurrent event times approach. For this reason, I identified a study site 

where these technologies have been the subject of a long assimilation period. Since NT 

and CA instantaneous adoption risk rates are likely affected by farm-production system, 

farm-household demographics, and social capital variables, in the Spring and Summer 

of 2017 I conducted a face-to-face survey to collect farm-household level data that could 

be used in recurrent events modelling. In what follows, I describe the selection of the 

study site, the survey design process, and provide details about the survey fieldwork.  

Study site 

The study site is in central Mexico, within Rural Development District 005 (RDD 005 

“Cortazar”), in the state of Guanajuato, and Rural Development District 092 (RDD 092 

“Morelia”), in the state of Michoacan (Fig. 4.1). These areas offer two yearly cropping 

seasons: Spring-Summer (SS) and Fall-Winter (FW). During the SS season, maize and 

sorghum are typically produced under mixed rainfed/irrigation regimes, and during the 

FW season wheat and barley are produced under a rain-fed regime (Martínez-Cruz, 

Almekinders, & Camacho-Villa, 2019). Despite being contiguous, these RDDs belong to 

different state jurisdictions and so agricultural policy often differs between them. 
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Figure 4.1. Map of the study location 
Source: map by author, using the QGIS 3.10 software with data from INEGI (2019). 

RDDs 005 and 092 were selected to obtain data from individuals with a long-term 

exposure to CA (i.e.,  10 years) as this timeframe allows farmers to experience the full 

profitability and productivity effects of the system (David J. Pannell, Llewellyn, & 

Corbeels, 2014). In this regard, a timeline developed by Martínez-Cruz, Almekinders, & 

Camacho-Villa (2019) registers CA interventions being carried out under the banners of 

“Direct Seeding” in Guanajuato (2000-2009), and “CA / Sustainable Intensification” in 

Michoacan (2005-2017). In addition, the presence of CA knowledge hubs in the area 

assured most farmers were acquainted with the technology. In RDD 005, a conservation 

tillage centre “FIRA Villadiego” operates in the municipality of Valle de Santiago since 

the 1980s. In RDD 092, AGRODESA Consulting sustains CA extension work in the 

municipality of Indaparapeo despite a sharp cut in government funding in 2010. 

Furthermore, the International Maize and Wheat Improvement Center (CIMMYT) 

maintains extension offices in Celaya (located next to RDD 005) and Morelia (located 

within RRD 092). All these factors combined allowed easy access to the required farmer 

population for my adoption survey. 

Survey design 

The survey instrument contained five sections: introduction and participant screening, 

CA adoption, farm-production system, farm-household demographics, and social capital. 

Time-varying data (i.e., for variables that change value over the study period) were 
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collected for the period 2000-2016 using Besley & Case's (1993) recall surveying 

technique.47 Time-invariant data (i.e., for variables that remain static over time) were 

collected for the cropping year 2015-2016, which was the year prior to the rolling out of 

the adoption survey. Next, I discuss the data collected for my models in greater detail.  

Dependent variable: Time to NT and CA adoption 

Previous research asserts the implementation of the CA system in resource-limited 

contexts is often limited due to the farmers’ failure to apply its three principles (no-till, 

mulching, and crop rotations) together (Brown et al., 2017; Khataza et al., 2018; 

Marenya et al., 2017). Thus, a strict observance of FAO’s CA definition could have 

limited my analysis by reducing the number of effective “adopting” farmers available. 

Based on the findings from previous research in Mexico (Pulido-Castanon & Knowler, 

2020; Van den Broeck et al., 2013), I used two alternative dependent variables that 

distinguish between NT and CA adopters. See Table 4.1.  

Table 4.1. Overview of adopter categories: conservation agriculture a 

Adoption category Description 

CA adopters - No/reduced tillage combined with ≥ 30% superficial crop stubble retention. 
Crop species diversification principle has been relaxed b. 

NT adopters - No/reduced tillage in bare soil (i.e., < 30% superficial crop stubble 
retention). 

CT / non-adopters 
- NT machine used on tilled soils. 
- Conventional tillage. 

a Adoption data for farmers with access to irrigation corresponds to at least one cropping season (FW, SS, or FW-SS). 
For farmers on a rainfed cropping regime adoption data corresponds to the SS cropping season. 
b In the “CA adopters” category the crop-rotation principle entails different cereal species or cereal-legume rotations.  

For this study, the dependent variable is the gap-time between NT and CA 

adoption events. This means that the clock is reset to zero at the occurrence of each 

event - from the time farmers gain technology awareness to the first adoption event, and 

                                                 
47 Recall surveying has been applied by other CFT adoption studies (see for instance, Beyene & 
Kassie (2015), Matuschke & Qaim (2008), Moser & Barrett (2006), and Fuglie & Kascak (2001)). 
A concern with employing retrospective data is that farmers may provide incorrect data due to 
rounding, leading to biased parameter variances (Beyene & Kassie, 2015). However, Fuglie & 
Kascak (2001) and Matuschke & Qaim (2008) point out that as long as the farmers’ observed 
characteristics are uncorrelated to the response errors, this should not bias the model estimates. 
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then between subsequent adoption events. For the choice of origin for the measurement 

of time at risk, I took year 2000 as baseline year for the introduction of CA in Guanajuato 

and Michoacan, as reported by Martínez-Cruz et al. (2019). From this basis, I recorded 

any year within the 2000-2016 period (as reported by each farmer) as the first year of 

awareness or “origin time”. 48  

The survey gathered data on the CA principles applied by farmers, and whether 

their application took place jointly or independently. As NT and CA adoption are time-

varying variables, data on the first uptake event was estimated from questions 1, 2, and 

3, and data on recurrent adoption events was collected from questions 4, and 5. See 

Table 4.2. 

Table 4.2. Capturing time to CA adoption 

Q.1 In what year did you hear about NT for the first time? 
Q.2 Have you ever practiced NT in the farmland that you manage? If yes, in what year? 
Q.3 In the year of your first NT use, what CA components did you apply during the Fall-Winter 

season? And during the Spring-Summer season? 
Q.4 In the current cropping year (2015-2016), what CA components did you apply during the Fall-

Winter season? And during the Spring-Summer season? 
Q.5 In the period in-between your first and last NT use, were there any variations in your use of the 

CA components? If yes, describe in detail.  
 

Independent variables 

The selection of independent variables was based on a review of meta-analyses that 

investigate factors that regularly explain CA adoption across various agroecological 

contexts (Knowler & Bradshaw, 2007; Ruzzante et al., 2021). In addition, I selected 

variables that consistently appear in the adoption literature focused on resource-

constrained regions (see D’Emden et al., 2006; Dadi et al., 2004; Njuki et al., 2008; Van 

den Broeck et al., 2013; Van Rijn et al. 2012).  

I collected time-varying data for the variables of cultivated land extension, access 

to irrigation, land ownership, and farmers’ age. For this purpose, farmers recalled the 

values for these variables on the year that they became aware with CA, the values in the 

cropping year 2015-2016, and any variations in-between these years.  

                                                 
48 A small fraction of farmers recalled the existence of a rudimentary form of NT as early as in 
1986. 
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For the time-invariant variables, data was gathered for the 2015-2016 cropping 

year. I constructed three independent variables by merging various items into single 

numerical measures.49 Animal intensity refers to the sum of animal feed units estimated 

from the animal ownership expressed by respondents.50 For machine ownership, 

farmers were asked to identify their ownership status for nine basic farming implements, 

where they would score a full 1 point for full ownership and 0.5 points for shared 

ownership of said equipment. I used “Housing conditions” as a proxy variable for farmer 

income, as the latter has proven difficult to be measured in the rural context.51 From 

Mexico’s official methodology for poverty measurement, I focused exclusively on aspects 

of the social rights dimension (i) housing quality and spaces (four questions), and (ii) 

access to basic services (three questions) – (see CONEVAL, 2019).52 I added a 

question on “Road material outside the home” as I noted this aspect likely influenced 

general housing conditions. I transformed these responses into z-scores and collapsed 

them into a single variable by means of addition.53 The housing conditions components 

and their response scales are presented in Table 4.3. In addition, I used credit use 

frequency as a proxy for credit access, which has been consistently identified as being 

statistically significant in CFT adoption studies (Ruzzante et al., 2021). A gendered 

analysis of NT and CA adoption was not possible due to the prevalence of males as 

farm-household heads in Mexico. A 1994 farmer survey recorded that men were the 

household head in 96% of cases (SARH-CEPAL, 1994). This is consistent with my 

survey data, where 3.58% of the farm-household heads were female. Lastly, a location 

dummy variable denotes whether farmers operated in Guanajuato or Michoacan. 

  

                                                 
49 According to Narayan & Pritchett (1999), a limitation with such a procedure is that arbitrary 
assumptions are made about weighting and the aggregation of components. 
50 Animal feed unit equivalences as published by Mexico’s Ministry of Agriculture and Rural 
Development (Diario Oficial de la Federacion, 2000). 
51 Narayan and Pritchett point out that it is “…extremely difficult (if not impossible) to measure the 
income of the agrarian self-employed…” (1999, p. 878). 
52 From access to basic services, I eliminated the question on “source of electricity” due to a lack 
of variability in responses. Only two individuals responded differently from the rest of the 
participants (mean = 3.99, standard deviation = .145, variance = 0.21, N=474). 
53 I also attempted an Exploratory Factor Analysis which provided a Kaiser-Meyer-Olkin measure 
of .571. As the minimum acceptable value is .6 (Cerny & Kaiser, 1977), this dataset proved 
inadequate for this type of analysis.   
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Table 4.3. Variables used in the “housing conditions” variable estimation 

 Response scale 
Housing quality and spaces  
Roofing material Scale (1 = very low 8 = very high) 
Walls material Scale (1 = very low 8 = very high) 
Flooring material Scale (1 = very low 8 = very high) 
Overcrowding  Proportion (number of rooms used for 

sleeping/household family members) 
Household access to basic services  
Source of water for human use Scale (1 = very low 5 = very high) 
Cooking fuel Scale (1 = very low 5 = very high) 
Wastewater disposal Scale (1 = very low 5 = very high) 
Material of road outside the home Dummy (1 = dust 2 = concrete) 

 

Regarding variables of a contextual nature, for social capital a set of 21 

questions on norms, trust, and bonding and bridging social networks questions was 

compiled from the CFT adoption literature - see Njuki et al. (2008), Teshome et al. 

(2016), and Van Rijn et al. (2012). An Exploratory Factor Analysis of responses 

suggested that social capital in RDDs 005 and 092 is structured across seven 

dimensions: norms, general trust, farming networks, local functions, informal bridging 

networks, community engagement, and advisory/extension. The individual farmer factor 

scores were fed into a Latent Profile Analysis, which led to their classification into four 

social capital endowment classes: “Low”, “Low-Balanced”, “High”, and “High-Balanced”. 

See Appendix B. For more details see Pulido-Castanon and Knowler (forthcoming).  

Data collection 

An initial draft version of my adoption survey was piloted with farmers from both Mexican 

states in October 2016 and final corrections followed. The final version of the survey was 

administered face-to-face from January to July 2017, relying on stratified random 

sampling. Both surveying stages were carried out in accordance with Simon Fraser 

University’s ethical research guidelines under study number 2016s0235. The sampling 

frame used was the Program of Direct Support for the Farmland (PROCAMPO) farmers’ 

registry, Spring-Summer 2013 edition (AGRICULTURA, 2018). The survey was 

conducted on 492 farmers in both RDDs. However, the initial sample had to be adjusted 

because two variables related to the size of farming operations presented abnormal 
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deviations.54 A Mahalanobis distance analysis flagged 17 outlying observations, leading 

to a sample of 475 farmers, out of which 385 had complete data. The final sample does 

not correspond to the technology adoption ratio in the study region, but instead allows 

for a 1:1 contrast of adopters/non-adopters for more balanced results.55  

4.4. Results 

4.4.1. Descriptive statistics 

For the period 2000-2016, the self-reported first year of technology awareness for the 

385 farmers in the sample has a mean of 2006.32, with a standard deviation of 4.54 

years. Including adopters and non-adopters, farmers were at risk of adoption (i.e., 

technology-awareness years) a total of 4065 years and experienced 1,744 failures (i.e., 

adoption events) for NT and 1,268 failures for CA. For NT, 241 farmers experienced at 

least one adoption event, while for CA 177 farmers experienced at least one adoption 

event. Table 4.4 provides summary statistics for recurrent NT and CA adoption events, 

and for independent variables in the form of average values for the mean adopting 

farmer (i.e., adoption event = 1), and minimum and maximum values for the entire 

farmer sample (i.e., adoption event = 0 & 1). Exclusive of never adopting individuals, the 

average number of years between adoption events is 2.22 years for NT (median of 1.29 

years), and 2.30 years for CA (median of 1.25 years). On average, a shorter adoption 

lag was found for NT vs CA. This may be due to the longer presence of NT in the area 

(Martínez-Cruz et al., 2019), and to the immediate benefits it offers (e.g., quick soil 

preparation and related savings) while requiring a lower level of technical skill. 

Not shown in Table 4.4, it is relevant to provide further adoption dynamics data. 

Exclusive of never adopting individuals, the mean time to first adoption is 3.64 years for 

                                                 
54 This study focuses on small and medium-scale farmers. The variables of “cultivated land” and 
“animal intensity” can be argued to strongly correlate with the scale of farming operations. The 
sample size adjustment led to a mean farmland size of ~9 has, consistent with an average land 
holding of 9.85 has in Guanajuato and 9.79 has in Michoacan (INEGI, 2009). 
55 There is a debate in the literature on the use of balanced vs imbalanced class datasets. 
Advocates of the former point out that class imbalances affect the predictive capability of 
asymptotic classification algorithms (such as Maximum Likelihood Logistic regression). The 
opponents argue that minimizing or removing class imbalances brings about sampling bias. The 
current consensus is that when both classes are equally easily to collect, equal sampling is near 
optimal in most situations (Oommen, Baise, & Vogel, 2011). 
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NT, and 3.74 years for CA. The mean length of time that adoption is maintained after the 

first adoption event is 6.95 years for both NT and CA. The mean length of time that dis-

adoption is maintained after the first dis-adoption event is 4.53 years for NT, and 4.56 

years for CA. The fraction of farmers that never dis-adopted after first adoption is .697 

for NT and .667 for CA.56 Furthermore, typical adoption behaviors for NT and CA can be 

illustrated as a schematic plot where year 2000 is the earliest possible technology-

awareness datapoint, year 2016 corresponds to the last observation for all farmers, and 

2017 (the year of the survey administration) is right censored. These adoption 

“pathways” include (1) non-adoption, (2) failed trial (i.e., ≤ 2 years), (3) eventual 

abandonment (i.e., ≥ 3 years), (4) periodic adoption, (5) late and sustained adoption, and 

(6) immediate and sustained adoption.57 See Figure 4.2.   

                                                 
56 These calculations are available from the author upon request. 
57 Adoption pathway 2 “failed trial” has been defined in the context of “transitional NT” (i.e., with a 
duration of less than 3 years). Adoption pathway 3 “eventual abandonment” has been defined in 
the context of “true NT” (i.e., with a duration of at least 3 years). This differentiation follows from 
Grigar, Hatfield, & Reeder's (2018) observation that soils under transitional NT do not deliver the 
same level of ecosystem services than soils under long-term NT. 
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Figure 4.2. Schematic plot of recurrent event times: NT and CA adoption 
Notes: 
Adoption pathways are 1 = non-adoption; 2 = failed trial; 3 = eventual abandonment; 4 = periodic 
adoption; 5 = late and sustained adoption; 6 = immediate and sustained adoption. 
Data corresponds to selected subjects from the farmer sample.  

A model of household economic behaviour links expenditure decisions to 

sociodemographic characteristics, its endowment with assets, and other contextual 

variables (Grootaert & Bastelaer, 2002). In this context, some authors assert that 

farmers adopting CFTs are typically endowed with greater resources and improved 

market access (Andersson & D’Souza, 2014; Cordingley, Snyder, Rosendahl, Kizito, & 

Bossio, 2015). In Table 4.4, the statistics for independent variables associated with a 

higher asset endowment level generally support this hypothesis. For instance, the mean 

value for the ratio of land owned to land rented (in hectares) is 0.69 for NT adopters and 

0.71 for CA adopters, suggesting that adopter individuals own most of the land they 

farm. With regards to social capital class (a categorical variable with four levels), adopter 

farmers have a mean value of 2.49 for NT and 2.56 for CA, suggesting they are typically 

members of the “High-Balanced” class. In contrast, subsistence farming (a binary 

variable) is low among adopter farmers, with a mean value of 0.09 for NT adopters and 

0.05 for CA adopters. Also in Table 4.4, a t-test for differences in mean variable values 
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indicates that NT and CA adopters are significantly different to non-adopters, lending to 

the hypothesis that a greater asset endowment leads to higher technology adoption 

levels.
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Table 4.4. Variable descriptions and summary statistics: NT and CA adopter farmers 

Variable Description Mean NT 
adopters 

SD 
NT 

Mean CA 
adopters 

SD 
CA 

Overall 
min. 

Overall 
max. 

TECHNOLOGY ADOPTION   
NT/CA (t) Adoption lag (years) 2.22 2.45 2.30 2.80 0 17 
FARM PRODUCTION SYSTEM   
Animal intensity Continuous (animal feed units, SS 2016) 7.68*** 12.24 7.00*** 11.43 0 66.25 
Cultivated land (t) Continuous (in has, SS 2016) 10.48*** 8.69 11.06*** 9.42 .25 50 
Irrigation (t) Dummy (1 = at least some access to irrigation; 0 = no irrigation) 0.95*** 0.18 0.94*** 0.19 0 1 
Land ownership (t) Ratio (1 – all land owned to 0 – all land rented, SS 2016) 0.69*** 0.35 0.71 0.33 0 1 
Machine ownership Scale (10 – owns all basic farming implements; 0 – none) 4.32*** 3.12 4.57*** 3.06 0 10 
Credit use Dummy (1 – no credit use; 2 – some credit use) 1.64*** 0.48 1.69*** 0.46 1 2 
FARM HH DEMOGRAPHICS   
Farmer age (t) Continuous (in years) 50.99*** 13.16 50.23*** 12.63 22 84 
Family size Continuous (number of HH residents 15 years old and up) 3.78* 1.91 3.88 2.04 1 14 
Education Dummy (0= no formal education; 1= elementary; 2= higher) 0.68*** 0.63 0.75*** 0.62 0 2 
Housing conditions Continuous (sum of z-scores for various HH characteristics) 0.40 2.96 0.43*** 3.02 -11.64 8.34 
Off-farm income Dummy (1 = some off-farm income; 0 = all income from farm) 0.33*** 0.47 0.29*** 0.46 0 1 
Subsistence farmer Dummy (1 = no agricultural output surplus; 0 = some surplus) 0.09*** 0.29 0.05*** 0.22 0 1 
SOCIAL CAPITAL    
Social capital class Dummy (1=Low; 2=Low-Balanced; 3=High-Balanced; 4=High) 2.49*** 1.23 2.56*** 1.24 1 4 
REGION-SPECIFIC   
Location Dummy (1 – Michoacan; 0 – Guanajuato) 0.61*** 0.49 0.60*** 0.49 0 1 
N  241  177  385 

Notes: 
 “SS 2016” stands for the Spring-Summer 2016 cropping season being used as period of reference. 
Variables followed by a (t) are time-varying variables. 
*p < 0.10, **p < 0.05, *** p < 0.01 corresponds to a t-test for significant differences in mean variable values for adopter and non-adopter farmers. 



110 

4.4.2. Event dependence, heterogeneity, and “cured” subjects 

Due to a high correlation potential between recurrent adoption events, a crucial task in 

my analysis was to check for issues that may influence the risk of failure as time 

progresses. Starting with event dependence, a first step is to define the number of event 

strata for the 17-year observation period. Conventionally, events are grouped by their 

order number except for the small number of observations in higher strata, which are 

collapsed together into a single stratum (Box-Steffensmeier & Jones, 2004; Xu & 

Cheung, 2015). Alternatively, I propose that higher strata events can be collapsed into 

groups that contain at least 5 percent of total events (each).58 For NT and CA adoption, 

the conventional approach suggested grouping events into 9 strata and the alternative 

approach suggested 11 strata. As shown in Tables 4.5 and 4.6, my proposed approach 

presented a better fit by AIC and BIC values. Thus following Box-Steffensmeier et al. 

(2007), I estimated cumulative adoption risk rate functions for eleven adoption event 

strata to check for event dependence (see Appendix B). For both NT and CA adoption 

the functions differ across strata, thereby confirming some degree of event dependence. 

This result supports the stratification of events in my modeling of recurrent adoption.59  

Table 4.5. Comparison of AIC and BIC fit values for higher event strata: NT 
adoption 

Model  Obs. ll(null) ll(model) df AIC BIC 
Higher strata into one group 1,947 -9308.605 -9283.263 17 18600.53 18695.28 
Higher strata in groups of 5% 1,947 -8854.214 -8828.473 17 17690.95 17785.71 

Note: N = Observations used in calculating BIC. 

Table 4.6. Comparison of AIC and BIC fit values for higher event strata: CA 
adoption 

Model Obs. ll(null) ll(model) df AIC BIC 
Higher strata into one group 1,528 -6472.873 -6449.371 17 12932.74 13023.38 
Higher strata in groups of 5% 1,528 -6138.22 -6114.584 17 12263.17 12353.81 

Note: N = Observations used in calculating BIC 

                                                 
58 Following a discussion with J.M. Steffensmeier (personal communication, May 5th, 2021), event 
stratification was carried out using both conventional and alternative approaches, and then I used 
model fit scores to identify which approach may be empirically superior in this case. 
59 Interestingly, events five and seven show a spike in their hazard (i.e., risk) rate, which may be 
associated to factors that influenced technology uptake exogenously. In the discussion section 
below, I link these spikes in adoption risk rate to agricultural policy in RDD 005. 
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To check for heterogeneity, I again followed Box-Steffensmeier et al. (2007) and 

estimated a conventional frailty model (i.e., frailty without stratification) and tested for 

significance in the variance of the random effect, or “𝜃” (see Table 4.7). For NT, the 

estimated variance of frailty (𝜃) is .695, and the likelihood-ratio test for 𝐻 : 𝜃 0 (p < 

.01). For CA, the estimated variance of frailty is 1.558, and the likelihood-ratio test for 

𝐻 : 𝜃 0 (p < .01).60 According to Gutierrez (2002), the significance of results suggest 

the presence of heterogeneity in the sample, with some farmers being more prone to 

adoption than others despite having the same co-variate values. To check for a cured 

fraction, I estimated survival function graphs for NT and CA adoption (Box-Steffensmeier 

et al., 2007). Both functions eventually reach an asymptote, indicating adoption does not 

occur for all farmers, even as the time at risk increases (see Appendix B). This result 

supports using of a split-population or “cure” approach, which separately parameterizes 

adopter farmers from the non-adopters. The regression results for the fraction of “cured” 

farmers are available in Table 4.8.  

                                                 
60 An 𝜃 = 0 indicates a nil degree of within-group correlation (i.e., no heterogeneity). In those 
cases the shared-frailty model can be reduced to a conventional Cox model (StataCorp, 2021). 
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Table 4.7. Frailty regression  

 Frailty NT Frailty CA 
Variables Coefficient SE Coefficient SE 
FARM PRODUCTION SYSTEM 
Animal intensity .994 .005 .984 .007 
Cultivated land 1.01 .006 1.017 .008 
Irrigation 1.464 .216*** 1.221 .212 
Land ownership 1.101 .163 1.261 .259 
Machinery ownership 1.048 .02** 1.074 .031 
Credit use 1.814 .218*** 2.162 .378 
FARM HH DEMOGRAPHICS 
Farmer age .982 .004*** .97 .005 
Family size (work age) .962 .026 .953 .036 
Education_elementary .871 .113 .774 .145 
Education_ higher .931 .204 .817 .255 
Housing conditions 1.014 .018 1.023 .025 
Off-farm income .789 .087** .66 .107 
Subsistence farmer .798 .159 .783 .227 
SOCIAL CAPITAL CLASSES 
Low-balanced SC class .891 .142 .872 .201 
High-balanced SC class 1.026 .152 .871 .19 
High SC class 1.216 .166 1.52 .294 
SPECIFIC 
Location .933 .109 .967 .163 
Random effects (𝜃) .695 .119 1.558 .240 
N  385  385 
Number of failures  1947  1528 
Likelihood ratio for theta  121.79  226.77 
Prob ≥ chi2 for theta  0.000  0.000 
Log likelihood for model  -11681.182  -8200.1984 
Wald 𝝌𝟐(17)  116.358  100.559 
Prob > chi2 for model  0.000  0.000 
AIC  23396.365  16434.397 

Notes: 
*p < .10, **p < .05, *** p < .01. 
Efron method for ties  
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Table 4.8. Cured fraction 

 Frailty-mixture NT Frailty-mixture CA 
Variables Coefficient SE Coefficient SE 
FARM PRODUCTION SYSTEM 
Animal intensity -0.001 0.002 -0.002 0.003 
Cultivated land 0.002 0.003 0.004 0.004 
Irrigation 0.119 0.120 0.082 0.136 
Land ownership 0.068 0.088 0.139 0.117 
Machinery ownership 0.000 0.010 0.002 0.012 
Credit use 0.033 0.068 0.048 0.083 
FARM HH DEMOGRAPHICS 
Farmer age -0.007 0.003*** -0.007 0.003** 
Family size (work age) -0.006 0.014 -0.007 0.015 
Education_elementary -0.073 0.068 -0.080 0.079 
Education_ higher -0.075 0.108 -0.130 0.126 
Housing conditions -0.002 0.009 -0.002 0.010 
Off-farm income -0.012 0.056 -0.003 0.073 
Subsistence farmer -0.180 0.136 -0.026 0.188 
SOCIAL CAPITAL CLASSES 
Low-balanced SC class -0.056 0.087 -0.052 0.103 
High-balanced SC class -0.005 0.072 -0.018 0.088 
High SC class 0.019 0.068 0.030 0.077 
SPECIFIC 
Location -0.044 0.057 -0.047 0.067 
N  1,947  1,528 

*p < .10, **p < .05, *** p < .01. 

4.4.3. Econometric analysis of NT adoption risk rate 

Given that issues of event dependence, frailty, and a cured fraction have been shown to 

be relevant in my farmers database, it is sensible to control them in a collective manner. 

For this reason, in this section I discuss the results from the application of the frailty-

mixture model to NT adoption.61 

In Table 4.9, farm-production system variables such as access to irrigation, 

machinery ownership, and credit use frequency increase the adoption risk rate for NT 

adoption. At any given time at risk, having access to irrigation increases the NT adoption 

likelihood by 1.95 times versus individuals who fully farm under a rainfed cropping 

                                                 
61 In Table 4.9 the variables accompanied by a 𝑡 are structured as time-varying, while the 
remaining variables are assumed fixed over time with their corresponding value for the year 2016. 
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regime (p < .05). Owning one more farm machinery implement increases the likelihood 

of NT adoption by about 38% (p < .10). Using at least some credit increases the 

likelihood of adopting NT by 2.72 times against non-credit user counterparts (p < .05). 

Amongst farm-household demographic variables, farmers’ age and having off-farm 

income sources reduce the NT adoption risk rate, while better housing conditions 

increase it. Remarkably, the estimated NT adoption risk rate drops by 13% for each 

additional year of age (p < .05). All else equal, this variable can transform a positive 

adoption risk rate into a negative adoption risk rate in just 8 years. Having off-farm 

income sources reduces the NT adoption probability by about 1.02 times versus 

counterparts who are exclusively employed in agriculture (p < .10). Improving housing 

conditions by one z-score point increases the likelihood of NT adoption by about 20% (p 

< .10). Finally, membership in the “High” social capital class increases the NT adoption 

risk rate - farmers with the highest social capital are 1.3 times more likely to adopt NT 

versus farmers in the lowest social capital class (p < .10). And the rest of the social 

capital classes remain statistically insignificant. Interestingly, the significance of land 

ownership, family size, and education -- three variables widely held in the literature as 

important determinants of CFT adoption (see Knowler & Bradshaw, 2007; Ruzzante et 

al., 2021) -- disappears as we move from the conditional risk set to the frailty-mixture 

model specification.  
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Table 4.9. Factors influencing the timing of adoption for no-till 

 Conditional risk set Conditional frailty Frailty-mixture 
Variables Coefficient SE Coefficient SE Coefficient SE 
FARM PRODUCTION SYSTEM 
Animal intensity -.002 .001 -0.002 0.002 -0.019 0.032 
Cultivated land (t) .002 .002 0.002 0.003 0.002 0.046 
Irrigation (t) .341 .086*** 0.342 0.113*** 1.949 0.871** 
Land ownership (t) .121 .049** 0.121 0.082 0.989 1.042 
Machinery ownership .01 .005** 0.010 0.010 0.379 0.207* 
Credit use .134 .04*** 0.135 0.065** 2.721 1.194** 
FARM HH DEMOGRAPHICS 
Farmer age (t) -.011 .001*** -0.011 0.002*** -0.130 0.043*** 
Family size (work age) -.012 .007* -0.012 0.013 -0.010 0.196 
Education_elementary -.112 .041*** -0.113 0.067* -0.775 0.615 
Education_ higher -.143 .062** -0.144 0.104 -1.311 2.086 
Housing conditions .002 .005 0.002 0.008 0.195 0.103* 
Off-farm income -.033 .03 -0.034 0.055 -1.024 0.576* 
Subsistence farmer -.151 .103 -0.151 0.124 0.494 0.856 
SOCIAL CAPITAL CLASSES 
Low-balanced SC class -.037 .047 -0.037 0.081 -0.494 0.979 
High-balanced SC class .002 .034 0.002 0.069 1.006 0.894 
High SC class .069 .037* 0.069 0.066 1.321 0.777* 
SPECIFIC 
Location -.006 .03 -0.006 0.055 0.755 0.833 
 
Theta_cons     1.696 2.560 
Log pseudolikelihood  -8828.47     
Pseudo r-squared  0.003     
Chi-square  125.53     
AIC  17690.94     
BIC  17785.70     
Number of groups  385  385  385 
N  1947  1947  1947 
Notes: 
*p < 0.10, **p < 0.05, *** p < 0.01. 
The waiting time-to-adoption periods for the three regression models are stratified in 11 intervals. 
Variables followed by a (t) are time-varying variables. 

The results in Table 4.9 can be illustrated in terms of the NT adoption pathways 

in Figure 4.2 above. The adoption risk rate for the first time-to-adoption interval is 

defined by the values of the independent variables, and subsequently decreases by 13% 

for every additional time-to-adoption interval experienced by a farmer. Subject 1 (non-

adopter) initiates with a probability of NT adoption of 53.92% and is observed for 16 
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years. Subject 2 (failed trial) initiates with a probability of NT adoption of 183.96% and is 

observed for seven years. Subject 3 (eventual abandoner) initiates with a probability of 

NT adoption of 757.46% and is observed for 16 years. Subject 4 (periodic adopter) 

initiates with a probability of NT adoption of minus 4.12% and is observed for 15 years. 

Subject 5 (late and sustained adoption) initiates with a probability of NT adoption of 

178.64% and is observed for eight years. And subject 6 (immediate and sustained 

adoption) initiates with a probability of NT adoption of 903.74% and is observed for nine 

years. These values show that both the initial adoption risk rate and the time at risk 

combine in the definition of a farmer’s pathway to NT adoption.  

4.4.4. Econometric analysis of CA adoption risk rate 

Again, focusing on the frailty-mixture regression, in this section I discuss the 

econometric results for CA adoption.62  

In Table 4.10, farm-production system variables such as access to irrigation, 

machinery ownership, and credit use frequency increase the estimated adoption risk rate 

for CA. At any given year 𝑡, using credit increases the likelihood of CA adoption by 2.16 

times versus non-credit user counterparts (p < .01). Ownership of one more farming 

machine increases the estimated CA adoption risk rate by about 31% (p < .05). Having 

access to irrigation increases the likelihood of CA adoption by 1.6 times versus farmers 

under a rainfed cropping regime (p < .10). Farmers’ age and having off-farm income 

sources reduce the estimated adoption risk rate. The probabilities being -15.3% per 

additional year of age (p <.01) and 1.5 fewer times than counterparts fully employed in 

agriculture (p < .05). Better housing conditions increase the CA adoption risk rate. For 

each additional z-score point in housing quality, the estimated CA adoption risk rate 

increases by about 19% (p < .10). Finally, a farmer’s membership in the “High” social 

capital class increases the CA adoption risk rate. Farmers with high social capital are 

2.13 times more likely to adopt CA versus members of the lowest social capital class (p 

< .05). And the rest of the social capital classes remain statistically insignificant. For CA 

adoption, the variables of animal ownership, land ownership, family size, and education, 

                                                 
62 In Table 4.10, variables accompanied by a 𝑡 are structured as time-varying, and the remaining 
variables are assumed fixed with their corresponding value for the year 2016. 
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loose significance as I switch focus from the conditional risk set to the frailty-mixture 

model specification.  

Table 4.10. Factors influencing timing of adoption for conservation agriculture 

 Conditional risk set Conditional frailty Frailty-mixture 
Variables Coefficient SE Coefficient SE Coefficient SE 
FARM PRODUCTION SYSTEM 
Animal intensity -.003 .001**    -0.003     0.003 -0.034 0.033 
Cultivated land (t) .003 .002     0.003     0.004 0.019 0.040 
Irrigation (t) .24 .078***     0.241 0.127* 1.601 0.920* 
Land ownership (t) .167 .076**     0.168     0.108 1.405 0.894 
Machinery ownership .014 .006**     0.014     0.011 0.307 0.127** 
Credit use .151 .054***     0.153     0.078* 2.159 0.730*** 
FARM HH DEMOGRAPHICS 
Farmer age (t) -.014 .002***    -0.014  0.003*** -0.153 0.033*** 
Family size (work age) -.014 .008*    -0.014     0.015 0.057 0.154 
Education_elementary -.131 .048***    -0.132     0.078* -0.787 0.591 
Education_ higher -.205 .079***    -0.207     0.122* -0.222 1.731 
Housing conditions .002 .006     0.002     0.009 0.189 0.104* 
Off-farm income -.061 .04 -0.062 0.069 -1.508 0.600** 
Subsistence farmer -.197 .171 -0.196 0.169 -0.403 0.773 
SOCIAL CAPITAL CLASSES 
Low-balanced SC class -.005 .061    -0.005     0.098 0.174 0.694 
High-balanced SC 
class 

-.03 .048    -0.030     0.084 -0.048 0.798 

High SC class .111 .046**     0.112     0.075 2.131 0.839** 
REGION CHARACTERISTICS 
Location -.003 .037 -0.003 0.064 0.868 0.696 
 
Theta_cons     2.539 1.930 
Log pseudolikelihood  -

6114.584 
    

Pseudo r-squared  0.004     
Chi-square  103.59     
AIC  12263.16     
BIC  12353.80     
Number of groups  385  385  385 
N  1,528  1,528  1528 

Notes: 
*p < .10, **p < .05, *** p < .01. 
The waiting time-to-adoption periods for the three regression models are stratified in 11 intervals. 
Variables followed by a (t) are time-varying variables. 
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The results in Table 4.10 can also be illustrated in terms of the CA adoption 

pathways in Figure 4.2 above. For the first time-to-adoption interval the risk rate is 

defined by the values of the independent variables, and then decreases by 15.3% for 

every additional time-to-adoption interval experienced by a farmer. Subject 1 (non-

adopter) initiates with a CA adoption probability of 570% and remains under observation 

for 10 years. Subject 2 (failed trial) initiates with a probability of CA adoption of 787% 

and remains under observation for 11 years. Subject 3 (eventual abandoner) initiates 

with a probability of CA adoption of 742% and remains under observation for 16 years. 

Subject 4 (periodic adopter) initiates with a probability of adoption of 694% and remains 

under observation for 16 years. Subject 5 (late and sustained adoption) initiates with a 

CA adoption probability of 374% and remains under observation for 16 years. And 

subject 6 (immediate and sustained adoption) initiates with a CA adoption probability of 

664% and remains under observation for 16 years. Also in this case, the initial adoption 

risk rate and the time at risk combine in the definition of CA adoption pathways. 

4.5. Discussion 

4.5.1. Advances in CFT time-to-adoption research  

Considering that the time-to-first event approach assumes representativity over any 

number of subsequent “failures”, it is unfortunate that many CFT adoption studies 

continue applying it. Whenever recurrent events data is available, some authors 

discourage such a practice arguing that model inferences may vary significantly from 

one approach to the other (Box-Steffensmeier & Jones, 2004). In Table 4.11, I introduce 

the standard Cox regression for the time-to-first NT and CA adoption events, which can 

be contrasted with the conditional risk set regression for recurrent events in Tables 4.9 

and 4.10. For NT adoption, I found differences in the significance level for farm 

ownership, family size, and social capital variables. For CA adoption, I found differences 

in significance level for land ownership, cultivated land, and family size. The magnitude 

of coefficients remarkably varies from one approach to the other, with the time-to first 

adoption approach displaying what appear to be inflated estimates. This may be 

explained by a failure of the single-event approach to account for dependence among 

adoption and dis-adoption events over time (Box-Steffensmeier & Jones, 2004).  
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Table 4.11. Standard Cox duration model (gap time) 

 NT CA 
Variables Coefficient SE Coefficient SE 
FARM PRODUCTION SYSTEM 
Animal intensity -0.001 0.006 -0.009 0.007 
Cultivated land 0.012 0.01 0.023 0.01** 
Irrigation 1.143 0.318*** 0.704 0.339** 
Land ownership 0.235 0.19 0.754 0.228*** 
Machinery ownership 0.053 0.025** 0.052 0.029* 
Credit use 0.558 0.149*** 0.571 0.179*** 
FARM HH DEMOGRAPHICS 
Farmer age -0.038 0.006*** -0.047 0.007*** 
Family size (work age) -0.043 0.036 -0.013 0.041 
Education_elementary -0.401 0.183** -0.401 0.218* 
Education_ higher -0.507 0.285* -0.562 0.329* 
Housing conditions 0.025 0.024 0.018 0.028 
Off-farm income -0.195 0.142 -0.303 0.173* 
Subsistence farmer 0.116 0.249 -0.386 0.374 
SOCIAL CAPITAL CLASSES 
Low-balanced SC class -0.28 0.209 -0.074 0.244 
High-balanced SC class 0.16 0.184 0.009 0.223 
High SC class 0.233 0.175 0.426 0.201** 
SPECIFIC 
Location -0.123 0.145 0.077 0.17 
N  385  385 

*p < .10, **p < .05, *** p < .01. 

This study provides insights on the farmers’ adoption of NT and CA beyond what 

can be achieved through conventional time-to-first event duration methods. For within-

subject event dependence, a rapid increase in the adoption risk rate from the first to 

posterior event strata may be explained by farmers overcoming a technology “trial” 

phase, which has been documented for various CFTs (see Montes de Oca Munguia et 

al., 2021). A notable spike in the adoption risk rate of event strata five and seven may be 

associated with agricultural policies that exogenously promoted NT uptake in the study 

area (see Appendix B). Indeed, various farmers in RDD 005 manifested adopting NT in 

response to air-quality regulatory policies that prohibited the burning of crop stubble. 

Upon review of the policy framework in Guanajuato, I found several measures that were 

instituted in 2000-2017 with various degrees of coerciveness (Figure 4.3). These 

included 1. Law for the protection and preservation of the environment; 2. Environmental 

technical norm – NTA-IEG-005/2000; 3. Office for the management of environmental 
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contingencies; 4. Zero pre-eventualities program; 5. Agricultural machinery center; 6. 

Working groups for attention to stubble burning events; 7. Update to the environmental 

technical norm – NTA-IEE-005/2007; 8. In-kind support program towards the promotion 

of crop rotation practices; and 9. Support program “Farming Projects in my 

Neighborhood and Community”. Particularly, under policy tool 3 (2005-2007) farmers 

were actively monitored by the environmental protection agency, and fines of up to 

MX$160,000 (US$8,000) were levied on non-compliant individuals. Concurrently, a 

significant drop in agricultural land burning incidents was registered for the same period. 

 

Figure 4.3. Agricultural land burn reports and relevant policy measures  
Sources: PROAIRE Salamanca (2003) and PROAIRE Salamanca (2007). 

A negative event dependence is present across strata, which means that 

farmers’ technology abandonment is likely to be observed as time at risk progresses 

(see Appendix B). A test for between-subject heterogeneity suggests the existence of 

unobserved variables that make some farmers more (or less) prone to adoption. While it 

is difficult to pinpoint what those variables are, the study by Ramirez-Lopez, Beuchelt, & 

Velasco-Misael (2013) in Mexico identifies two possible factors. First, farmers may 

perceive CA as being herbicide-intensive relative to the traditional system because soil 

turnover – a technique used to abate weeds – does not take place anymore. Second, 

farmers may be risk averse towards NT farming, as they feel more secure managing 

their best plots with technology they already know. For the cured fraction, the NT 

function plateaus by the end of the 17-year observation period, which may be explained 

by a farmer’s comment on how the NT seeder will eventually phase out the conventional 
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tillage implement. For CA, the function plateaus much sooner, perhaps due to technical 

and resource limitations that act as barriers to its adoption. The observed asymptotes 

reveal that a fraction of the farmer sample may never adopt NT, and especially not CA 

(Appendix B). This finding is relevant even among the latest CFT adoption research. 

Paudel et al. (2021), for example, did not account for a cured fraction despite observing 

low technology adoption rates. Thus, there is potential for coefficient bias in that study 

due to the implicit assumption that all farmers will eventually adopt. 

4.5.2. Speed of adoption for NT and CA 

In this chapter, I investigated determinants of the instantaneous adoption risk rate for NT 

and CA. The contribution to the empirical literature is a dynamic perspective on CFT 

adoption, which can help reduce the uncertainties of policy decisions typically based on 

cross-sectional analyses. My study shows that increasing access to irrigation speeds up 

the farmers’ adoption of NT and CA. This observation is consistent with the cross-

sectional studies by Van den Broeck et al., (2013) and Yigezu et al. (2018), but 

contradicts the widely held view that NT-farming systems are highly compatible with 

rainfed agriculture (Gibbon, 2011). In Mexico, adoption can be problematic for farmers 

whose land plots are under rain-fed cropping regimes, or among those unable to 

navigate the irrigation policy framework. Farmers who own machinery adopted NT and 

CA sooner than those who did not have such access. This finding aligns with the study 

by Yigezu et al. (2018), and perhaps is explained by the farmers’ greater ability to 

acquire the NT seeder as well as expert advice on its use. I would further note that 

increased credit use frequency speeds up NT and CA adoption. This result matches the 

study by Yigezu et al. (2018), supporting the notion that credit access facilitates CFT 

adoption (Ruzzante et al., 2021). In contrast, getting older delayed NT and CA adoption. 

This finding is consistent with the studies by Van den Broeck et al. (2013) and Yigezu et 

al. (2018), and for other technologies such as improved maize varieties (Beyene & 

Kassie, 2015) and precision farming (Paudel et al., 2021). Convergence on this variable 

suggests that younger farmers may be less-risk averse towards CTF adoption, even 

when potential benefits may be only available in the longer term (Knowler, 2004). Better 

housing conditions (a proxy for income level) increased NT and CA adoption speed. 

Having off-farm income sources delayed NT and CA adoption, which might be due to 

subjects investing less time into developing their own farming practice. Finally, 
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membership in the “High” social capital class reduced time to adoption, particularly for 

CA. This result matches the findings by Yigezu et al. (2018), Paudel et al. (2021), and 

Beyene & Kassie (2015), who concur that social networks facilitate access to resources 

and information exchange. And perhaps more importantly, this result highlights the 

relevance of balanced trust, social norms, and social networks for innovation to occur.  

4.5.3. Pathways towards the sustainable intensification of agriculture 

CFTs are considered by governments and development organizations as primary 

instruments to avert the 2050 environmental food crisis. The assumption being that 

widespread adoption can help mitigate climate change challenges while achieving food 

security (IPCC, 2019). Through a frailty-mixture modelling approach, my study found that 

a fraction of the farmers sampled may never adopt NT or CA. Indeed, CFT uptake 

requires technical expertise, infrastructure, and financial, human, and social investment, 

to a level often unattainable for the most vulnerable farmers (Trace, 2016). Another case 

of interest was technology interruption and abandonment. In Mexico, the primary cause 

for CA abandonment is the lack of technical accompaniment and appropriate machinery. 

Other hurdles include establishing CA on rented land plots, lack of interest towards CA, 

and conflict over whether one should use crop stubble as soil coverage or as animal 

fodder (Ramirez-Lopez et al., 2013; Reyes Muro, Camacho-Villa, & Guevara-

Hernandez, 2013). 

As cases of long-term, sustained NT and CA adoption were the exception rather 

than the rule in my farmers sample, it is important to temper our expectations regarding 

adoption goals that must be achieved by the year 2050. Instead, careful consideration of 

farmer typologies and their impact on global soil and water resources may provide the 

basis for a more effective agricultural transformation strategy (Stringer et al., 2020). In 

this study, I found that NT and CA adopters were generally better endowed with 

economic, human, and social capital. Based on these findings, moving a few large 

farmers with the relevant capital endowments to CFT adoption could have a more 

significant impact on the environment -- whilst at the same time achieving food security -

- than attempting to influence millions of smaller scale farmers who lack the necessary 

capital. There are also some alternatives for the smaller, least viable farms. As noted by 

Stringer et al. (2020), one such avenue could be for these smaller farms to redirect their 

activities towards niche markets, where produce is associated with environmental 
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objectives (e.g., organic, or low carbon agriculture). Yet another valid alternative is to 

keep operating under their current low-cost, ‘safety net’ type of enterprise. In this case, 

however, their contribution to a sustainable agriculture objective will be minimal. 

4.5.4. Policy recommendations 

This study identified various factors that influenced the NT and CA adoption risk rate in 

Mexico during the period 2000-2016. The findings suggest there are tools that can 

effectively contribute towards an agricultural revolution underpinned by technological 

change. Towards this end, it is worth exploring some policy options. 

As proposed by Pulido-Castanon & Knowler (2020), the use of payments for 

ecosystem services (PES) may be one avenue to prevent the farmers’ premature 

abandonment of CA. In this context, payments to farmers should be made conditional on 

the continued use of NT farming in such a way that the environmental benefits from 

long-term CA adoption can be extracted for society. The global benefits that soil 

conservation practices provide can justify for this type of incentive. For instance, soil 

resources have been associated with various ecosystem services including plant growth 

support, water purification, soil carbon and atmospheric gas storage, and in being a hub 

for insect biodiversity (Knowler, 2004). Thus, international transfers that recognize the 

global public value of these services may work as incentive mechanisms to further soil 

conservation efforts in compliant countries or regions (Knowler, 2004).  

A further policy issue is the way in which the monitoring and discouraging of 

crop-stubble burning practices indirectly influenced the adoption of NT and CA in RDD 

005, particularly in the municipality of Salamanca in Guanajuato. Similar policy ‘side 

effects’ have been documented in Zambia, where guaranteed prices and a fertilizer 

subsidy program for maize undermined the adoption of CA’s crop rotations principle 

(Andersson & D’Souza, 2014). These findings suggest that policy tools with a high level 

of enforcement (or punishment), could prevent the farmers’ abandonment of CFTs. 

However, this observation conflicts with other studies that document a more positive 

farmers’ attitude towards cooperative policy approaches (see May & Winter, 1999). 

There is ample recognition that CA is complex to put in practice, requiring both 

change and adaptation based on experiential learning (Kassam et al., 2014). During my 
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survey fieldwork in RDDs 005 and 092, I met several farmers who lacked knowledge of 

the correct use of the NT machine. Another issue was the shortage of extension agents 

that could teach farmers on the correct use of the CA system, leading to private input 

providers stepping into that role. The effectiveness of farmer field schools for increasing 

CFT adoption (versus other extension methods) has been demonstrated in existing 

literature (Marenya, Usman, & Rahut, 2021). Thus, I advocate for greater political, 

expertise, and financial resources to be invested on this mode of information delivery. 

A growing consensus among analysts is that a one-size-fits-all pathway to 

sustainable food and agriculture does not exist (Benyam et al., 2021; Stringer et al., 

2020). While widespread CFT adoption is an important component of a global food 

system transformation, it may draw attention away from the other half of the challenge: 

demand management. The growing transition towards a western-type consumerism is 

characterized by animal-rich diets, and food loss and waste (IPCC, 2019). While such a 

topic is beyond the scope of this chapter, it is critical to reconsider the complexity of our 

food system in the context of multi-functional landscapes, and for which transformative 

change requires, as noted by Stringer et al. (2020, pps. 174-175), “radical, systemic 

shifts in values and beliefs, patterns of social behaviour, and governance”. 

Limitations 

My study suffers from various limitations. First, the reliability of results may be affected 

by a limited sample size of farmers in DDRs 005 and 092. However, the study does 

provide an innovative methodological approach that could be the basis for further 

adoption dynamics research. Second, to keep surveys within a 45-minute timeframe, I 

captured 2015-2016 data for animal and machine ownership, credit use, family size, 

education, off-farm income, and social capital. These variables likely experience 

variation over time, and so this issue limits the validity of my results versus what could 

have been achieved from panel data information. Third, based on the work by Jabbar et 

al. (1998) and Montes de Oca Munguia et al. (2021), an integral analysis of CFT 

adoption dynamics must include both timing and intensity dimensions of land use 

adoption. My study only covers the timing to NT and CA adoption, and so a combined 

analysis remains pending for future research.  



125 

4.6. Conclusion 

The use of recurrent events modelling is needed -- now more than ever -- to navigate an 

increasingly complex world. Some problems that are very difficult to solve, and for which 

time is running out include increasing global vaccination rates for COVID-19, climate 

change, and the environmental food crisis. In these cases, recurrent events modelling 

can provide insights on what buttons we need to push to increase the adoption speed of 

relevant technologies, or to achieve a desired behavioral change. 

This study focused on the speed of adoption for NT and CA in two contiguous 

regions in central Mexico. Its relevance comes from the modelling of recurrent adoption 

events to improve the reliability of predictions versus conventional time-to-first event 

methods. For both NT and CA technologies, my results show that access to irrigation, 

land ownership, machinery ownership, and membership in the “High” social capital 

endowments class are relevant variables for increasing the instantaneous adoption risk 

rate. 

As a novel approach, this study presents evidence of a “cure fraction” – or a 

portion of the farmer sample that may never adopt NT or CA – identified through the 

application of a frailty-mixture model. To get those non-adopters on board to meet the 

2050 food security challenge, alternative avenues must be sought. Their inclusion into 

secondary and tertiary activities in the rural environment will be crucial. These efforts 

must be joined by technical assistance, improved infrastructural support, and through 

reduced bureaucratic and tax burdens. 
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Chapter 5.  
 
Conclusion 

5.1. Limitations and challenges in technology adoption 
studies 

In modern day agricultural policy, an underlying assumption is that science-based 

farming technologies provide net environmental and economic benefits and thus their 

uptake should occur spontaneously among farmers (Röling, 2009). In the practice, 

adoption of many conservation farming technologies (CFTs) has been slow, often 

preventing their use for advancing agricultural development goals. Various analysts have 

strived to understand different dimensions of CFT adoption including the effect on 

natural resources, crop yield variations, the context that frames farmers’ decision-

making, the role of subsidies, the effectiveness of information delivery methods, and 

remarkably, the sociodemographic determinants of adoption. More recently, the field has 

become exponentially more complex as CFT adoption dynamics entered the discussion. 

A particular area of research interest is on the methodological challenges that 

have haunted adoption studies since their inception. Feder et al. (1985) point out that 

many adoption analyses reduce complex farmer behavior into a simple binary choice 

(i.e., adopter or not). Doss (2006) and Knowler (2015) criticize overreliance on the cross-

sectional modeling approach, which discards any information related to past adoption 

events for a given CFT. Andersson & D’Souza (2014) point out that a large variety of 

adopter definitions makes cross-study comparisons a difficult endeavour. Another area 

that remains relatively unexplored is on the intrinsic motivators (i.e., environmental 

awareness, values, and perceptions) that influence farmers’ CFT adoption behavior 

(Bopp, Engler, Poortvliet, & Jara-Rojas, 2019). Interestingly, numerous analysts concur 

that an improved understanding of the wider market, institutional, and policy context is 

essential to explain current patterns of agricultural technology adoption. 

Many of these complexities became present as I committed this PhD thesis to 

the study of farmers’ adoption of Conservation Agriculture (CA) in Mexico. The first 

challenge appeared with identifying an “adopter” definition. In Mexico, CA uptake occurs 

in a partial (i.e., one or two components of the CA system), hybrid (i.e., one cropping 
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season applies CA, next cropping season applies conventional tillage), and a full 

fashion.63 Dynamically, abandonment and re-adoption are common events. The second 

challenge regards to the policy environment that frames the adoption decision. In 

Guanajuato, many farmers switched from conventional tillage to no-till (NT) in response 

to highly coercive policies that banned crop stubble burning. Another instance is when 

farmers successfully lobbied politicians to introduce CA in Michoacan (see Martínez-

Cruz et al., 2019). Unfortunately, these events could not be captured in my modelling 

strategies. A third challenge was the difficulty in doing survey work in remote rural areas. 

Being a clear outsider in rural Mexico, the survey fieldwork for this thesis could not have 

been possible without the presence of the International Maize and Wheat Improvement 

Center (CIMMYT) in the area over many years of extension work. 

5.2. Understanding CA adoption and diffusion through 
improved methodologies: academic contributions 

Throughout this thesis, I reflected upon methodological approaches applied in previous 

studies and proposed improved ones to model the farmers’ adoption of NT and CA. As 

discussed in the introductory chapter, a complementary approach to the thesis’ research 

chapters allowed me to build up my findings from the identification of adopter categories 

to social capital endowments profiles, to estimation of the instantaneous adoption risk 

rate (i.e., speed of adoption) for CA. 

The use of innovative methodologies provided new insights for modelling the 

farmers’ adoption behaviour. In Chapter 2, a two-step clustering approach (i.e., 

Hierarchical Cluster followed by K-means clustering) allowed me to identify CA adoption 

pathways among farmers. From the survey data, I unearthed CA adopter categories 

including non-adopters, eventual dis-adopters (i.e., quitters), and farmers who adopted 

partially or on a full basis. In Chapter 3, I applied a double-step approach (Exploratory 

Factor Analysis followed by Latent Profile Analysis) to classify individuals by their social 

capital “endowments”. This resulted in the identification of seven social capital 

dimensions (norms, general trust, farming networks, local functions, informal bridging 

networks, community engagement, and advisory/extension), and four social capital 

                                                 
63 Some farmers have adapted the NT seeder into a conventional seeder, and others use the NT 
seeder on already tilled soil. 
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“endowments” classes (Low, Low-Balanced, High-Balanced, and High). The regression 

results indicate that members of the “High” social capital class adopt more principles of 

the CA system. Lastly, in Chapter 4, I resorted to recurrent event times modelling (i.e., 

conditional risk set, conditional frailty, and frailty-mixture methods) to estimate NT and 

CA’s adoption risk rate. The results indicate that access to irrigation, land ownership, 

credit use, and being highly endowed with social capital increase the adoption speed for 

both NT and CA. Furthermore, a frailty-mixture modelling approach suggested that some 

farmers may never adopt NT and CA, even as time progresses. This has important 

implications from a recurrent events times modelling perspective, as it suggests that 

adopter and non-adopting farmers must be separately parameterized for better results. 

Originally, I intended to write a last research chapter on the intensity of CA 

adoption (as a percentage of farmland managed) from a recurrent events perspective. 

Despite my efforts, this endeavor was not possible because the methodology is not well 

established yet. Mather, Boughton, & Jayne (2011) and Ricker-Gilbert, Jayne, & Chirwa 

(2011) have applied Cragg's (1971) Double-Hurdle approach on panel data to model 

farmers’ decisions that occur sequentially, but even this approach suffers from serial 

correlation problems. Jeffrey Wooldridge (2010) has proposed an adaptation to the 

Double-Hurdle model that involves a robust variance matrix estimator (to account for 

serial correlation in the score across 𝑡), and a correlated-random effects device (to 

account for unobserved heterogeneity). I have left this task pending for future research. 

5.3. Furthering CA adoption in a complex environment: 
policy recommendations 

Understanding CA adoption and diffusion is key to generate policies and programs that 

promote farmer uptake in a way that social (i.e., environmental) and private (i.e., 

economic) benefits can be maximized. For NT farming, the ideal adoption modality 

follows a continuous and long-term application, which allows many soil types to maintain 

or build back their productive capacity (Blanco-Canqui & Ruis, 2018). Although strategic 

(i.e., periodic) adoption also provides reasonable agronomic benefits (Dang et al., 2015).  

Each research chapter provides policy recommendations based on its individual 

findings. Chapter 2 addresses the issue of periodic CA uptake and abandonment. In this 

case, the introduction of payment for ecosystem services was suggested to prevent the 
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farmers’ premature abandonment of CA. Chapter 3 shows that farmers with “High” social 

capital endowments tend to adopt more CA principles. This refers to a farmer’s profile 

who is well connected inside and outside the village. This profile also considers a social 

environment where norms are generally observed, and where people have a reasonable 

level of trust on each other. The policy suggestion is the promotion of farmer field 

schools or similar learning platforms where better connected farmers can mentor less 

connected ones. And where information, resources, and ideas can be exchanged to 

reduce implementation uncertainty/risk for knowledge-intensive technologies such as 

CA. Chapter 4 notes that social capital and credit access are factors that significantly 

increase the adoption risk rate for NT and CA. The recommendation is to direct 

promotion and extension efforts at farmers with characteristics that place them at a 

higher “risk” of adopting NT and CA, to achieve a faster and more durable adoption.  

An important consideration is how the context influences the farmers’ adoption of 

CA. The introductory chapter details a series of contextual issues that hinder the smooth 

functioning of farming systems in Guanajuato and Michoacan. Relevant issues for my 

CA adoption analysis are the low access to extension, support, and training; low 

competitiveness of the farm unit; volatile markets; and limited availability/access to 

financial resources (AGRICULTURA, 2019a, 2019b). First, CA is a knowledge-intensive 

system (Kassam et al., 2015), and farmers are easily discouraged when they notice 

reduced productivity levels in the first few years of CA adoption. Given the limited access 

to extension services, and a low level of social cohesion, farmers often lack a technical 

and support network that mentors their progress with the CA system. Second, the 

adverse market conditions present a grim scenario for anyone who tries to do better 

farming. A low market price for the farmers’ main crops (i.e., maize, wheat, and barley), 

combined with expensive production inputs, and very low bargaining power at the selling 

point likely discourage innovative action. Third, the lack of access to private credit, and 

the vagaries of public funding may create serious discount rates for adopting CFTs, as 

farmers cannot risk other life priorities and get pushed back into conventional farming. 

All these factors combined tell a cautionary tale about introducing CFTs in 

resource-limited environments and expect and automatic spread among farmers. As 

studied in this thesis, there are good reasons for the slow adoption of CA in Mexico, 

starting with the vagaries of public funding that deny farmers from sufficient time and 

resources to assimilate no-till farming systems (see Martínez-Cruz et al., 2019). In this 
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complex scenario, Cordingley et al. (2015) point out that policies that intend furthering 

CFT uptake must understand local livelihood conditions, and remove institutional 

barriers to accessing resources at broader scales. On the local arena, understanding the 

timing of CFT-borne benefits, landscape-level constraints (e.g., poverty, education, 

cultural norms, soil type, etc.), and the farmers’ motivations (i.e., beyond profit-making). 

In addition, a serious public commitment to the provision of credit and extension services 

may be crucial in reducing risk, and allow farm-households to invest in productive 

options that expand future livelihood opportunities – like the adoption of CFTs (Shiferaw 

et al., 2014). At the wider scale, the identification of “development” policies that conflict 

with CFT adoption will be crucial. And recognition of the wider (ecosystem) benefits that 

CFT implementation provides to society can just be the justification for the creation of 

financial mechanisms to fund the adoption cost-bearers (Cordingley et al., 2015).  

5.4. Towards empirical studies grounded on adoption 
dynamics theory 

One thing that became clear as I was writing this thesis was the scarcity of empirical 

CFT studies grounded on adoption dynamics theory. For instance, Jabbar, Beyene, 

Mohamed Saleem, & Gebreselassie (1998) and Montes de Oca Munguia, Pannell, 

Llewellyn, & Stahlmann-Brown (2021) declare timing and intensity of land as two key 

dimensions that can empirically describe CFT adoption “pathways” or journeys. 

Currently, not a single CFT adoption study captures these two dimensions at the same 

time. Only through understanding of such pathways will we be able to provide 

policymakers with effective guidance to achieve the widespread adoption of CFTs in 

2050 and beyond. 

The general conclusion of this thesis is that farmers with greater endowments of 

economic, human, and social capital are those typically adopting CA - and potentially 

other knowledge intensive CFT technologies such as integrated pest management. As 

evidenced in the frailty-mixture regression in Chapter 4, this condition automatically 

precludes many small and subsistence farmers from achieving technological upgrade. 

By providing a more realistic expectation on CFT adoption as time progresses, my 

results question a 2050 food security / climate change strategy solely based on the 

supply side of the food systems equation.   
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Appendix A. 
 
Farmers’ survey instrument 

CONSENT FORM 

Research Project – “Conservation Agriculture: A farmer-focused analysis of adoption and diffusion 
determinants in Mexico”. 
 
Principal Investigator: M.Sc. Jesus Pulido-Castanon. – E-mail contact: [ … ] 
Academic Supervisor: Dr. Duncan Knowler              – E-mail contact: [ … ] 

 
 

Mr./Ms. Producer: 
 

This survey is conducted by researchers from Simon Fraser University in collaboration with the 
International Maize and Wheat Improvement Center (CIMMYT). Respectfully, we ask for your 
participation to identify the factors influencing the farmers’ adoption of the Conservation Agriculture 
(CA) system in this region of Mexico.  

 
This survey will take a maximum of 45 minutes. An interviewer will assist you in completing a 
questionnaire on economic, demographic, and social relations data related to your farm-household. 
In addition, you will be asked about agricultural management practices you have implemented in the 
last 20 years. These data will be used to write a Doctoral thesis and may be shared with the CIMMYT 
personnel for research purposes. 

 
To keep your responses confidential, your name will be coded and separated from the answer 
booklet at the end of the survey. Your participation in this survey is voluntary and you will not 
receive remuneration for it. If you agree to participate you can withdraw at any time without any 
consequences to any support programs you currently benefit from.    

 
If you have any concerns about your rights as a research participant and/or experiences while 
participating in this study, you may contact Dr. Jeffrey Toward, Director, Office of Research Ethics 
via e-mail at [ … ] or phone number [ … ]. 

 
Having ratified your voluntary participation, you confirm your understanding of the procedures this 
survey involves. The return of this signed form acknowledges you have agreed to participate in this 
study. 

 
__________________________________________ 
Participant Signature                    Date (dd/mm/yyyy) 

 
 

__________________________________________ 
Participant’s Name 

 
State  
Municipality  
Town/Village  
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GUIDELINES FOR ENUMERATORS 

 
Adoption and diffusion of the Conservation Agriculture system in 

Mexico 
Farm-Household Survey 

 
1. This survey will be carried out between a trained interviewer and a farmer on a face-to-
face basis. The interviewer will fill out the survey based on the responses provided by the 
farmer. 

 
2. As often as possible, this survey should only be applied to the “farm-household head”, 
which is the person responsible for management decisions within the farm household. 

 
3. - Within the survey you will find notes preceded by “N.B.”. Please pay careful attention to 
these notes because they refer to specific instructions on how to answer a question.  

    - You will also find notes preceded by “Def.” which refer to concepts that might 
need special clarification. 

 
4. For questions that require you to check boxes, always use a bold  sign to mark the 
respondent’s answer.  

 
5. For responses where the farmer does not fit within a pre-specified code, please use the 
following codes: 

 
*  “Other”  Make sure to write down in words what the “other” option is. 
* “Don’t know” or “Not sure” for questions where farmers don’t know the answer. 
* “NA”      When a question does not apply to a specific farmer. 
* “NC”      When a farmer did not want to answer. 
* “0”          When the farmer does not own any unit. 

 
6. Unit of measure: Throughout the survey you are required to capture responses in local 
measurement units (e.g. bulks, ox cart, pile, bunch, buckets, etc.) followed by its equivalence 
in international measurement units (e.g. kilograms, kilometers, etc.). For example, if the 
answer is provided in terms of “bales of hay” capture such information, as well as the 
approximate kilos each bale is equal to, in accordance to local standards. 
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Farm-Household Survey 

 
Adoption and Diffusion of the Conservation Agriculture system in 

Mexico 
 

 
A. RESPONDENT SCREENING  

 
Def: The person designated as “farm-household head” (FHH) has the ultimate responsibility 
for management decisions within the farm household. 

 
1. Are you a farm-household head?  

 
      Yes            No 

 
NB. If “No”, stop the interview and arrange to come back when FHH is available. 

 
2. “The Conservation Agriculture system consists of three practices carried out 
together”.  Show the farmer the authorized photoset. 

 
Have you ever heard of this farming system? 

 
      Yes           No 

 
NB: If “No”, stop the interview. Proceed to find another farmer who confirms knowing the 
CA system. 

 
B. FARM PRODUCTION SYSTEM AND CONSERVATION AGRICULTURE 

 
Farmland Management 

 
3. In what year did you first start farming? (Exact year please)?                                

Year ___________________ 
 

4. In what year did you assume responsibility for the management of the farm? (Own land or 
rented)      

Year ___________________ 
 Please complete special section 1 here (Landholding and Tenure Information) 
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5. Please provide details about the land plots you have rented in/rented out: 
 

Rented in (year 2016, wet season) 

# Has Rent scheme Land fertility (vs. neighbor) 

      Price        Crop share       Other __________       <Avg       Avg       >Avg

 

Rented out 

# Has Rent scheme Land Fertility (vs. neighbor) 

      Price        Crop share       Other ___________       <Avg       Avg       >Avg

 
6. Please indicate with “” the years in which you irrigated during the dry season: 

 
NB: Please check the years for which the farmer confirms he/she irrigated.  

 

2016 2015 2014 2013 2012 2011 2010 2009 2008 2007 2006 

2005 2004 2003 2002 2001 2000 1999 1998 1997 1996 1995 

 
Now we are going to discuss your activities related to Conservation Agriculture 

 
7. You previously confirmed to have seen/heard about CA. In what year did you first hear 
about it? 

 
Year ____________________________ 

 
8. Please rate the condition of the following land attributes as they were prior to your use of 
CA practices: 

 

Attribute Very 
Poor 

Poor Adequate Good Excellent

Soil Texture      

Soil moisture/water retention      

Presence of organic matter     

Presence of microorganisms 
(earth worms) 
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9. Have you ever applied the CA principles (starting with No-Till) in the land you farm? 
 

      Yes, In the year_________________           Never 
 

10. How important were the following considerations in deciding whether to adopt the CA 
system? 

 

Variables 
Not 
important 

Somewhat 
important 

Very Important 

Access to technical assistance & information    

Access to specialized machinery (No-Till machine)    

Risk & uncertainty related to complexity of the system    

Enduring conventional farming practices.    

NB: If “Never” applied the CA principles, skip Q.11 and Appendix 2. 
 

11. When you applied the CA system, what of the following potential benefits did you 
consider? 

 

To improve farm income  

To improve soil quality (e.g., fertility, moisture)  

To maintain long-term production  

Other (specify)________________________  

 
 Please complete special section 2 here (Trial and Use of the CA System) 

 
NB: For Q.12 and Q.13, ask the farmer to consider only the land plots on which 
he/she adopted CA. 

 
12. Before applying the CA system, did you follow any soil conditioning practices? 

 

      None                Subsoiling                Soil Leveling 
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13. What is your perception of the effect of the CA system on the following variables? (vs. 
traditional farming) 

 

Variables 
Large 

reduction 
Small 

reduction
Remains 
the same 

Increases a 
little 

Increases a 
lot 

Soil quality and productivity      

Water use efficiency and retention      

Production costs (labor, fuel, other 
inputs) 

     

Incidence of crop diseases      

Presence of pests (rodents, weeds)      

 
Crop Residue Management 

 
14. As a percentage of your total crop stubble, please comment on the use purpose in the 
last year: 

 

Cropping season % Sold to third parties % Used as animal feed 

FW 2015 
 
___________ % 

 
___________ % 

SS 2016 
 
___________ % 

 
___________% 

 
Hired Labor 

 
Def: A “permanent worker” is a person who works continuously for an employer for a 
period longer than 27 weeks, and/or who maintains a working relationship for an undefined 
period.  

 
15. As of today, do you have permanent workers in your farm?             Yes           No 

 
If “Yes”, how many permanent workers do you have? ___________________ 

 
16. Do you typically hire temporary (i.e., seasonal) workers?        Yes          No     

 
If “Yes”, how many workers during a typical FW season? _________ 

 
And how many workers during a typical SS season?       __________ 
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Access to credit 
 

17. Do you normally use capital loans (credit) to finance agricultural activities? 
 

      Never             Every now and then             Every Year/Cropping season 

 
NB: If “Never” uses capital loans, skip Q.18  

 
18. Please indicate your main sources of credit: 

 

      Relatives and Friends              Input and output dealers              Bank 

 

      Money Lender                        Savings/credit cooperative           Government 

 
Physical Capital 

 
19. From the following machinery and equipment, which ones do you own? (Ownership and 
co-ownership) 

 
NB: Enumerator, please check boxes as () where it applies. 

 
Type of machinery/equipment Owned Co-

owned 

M
ot

or
iz

ed
 E

qu
ip

m
en

t 

Tractor   

Arado de discos   

Rastra de discos   

Subsolador (Cinceles)   

Aspersora para tractor   

Cultivadora   

Sembradora tradicional   

No-Till seeder (NT) ___Large grain 
___Small grain 

___Large grain 
___Small grain 

Desmenuzadora  
 

 
 

Fertilizadora   

Note: Large grain NT seeder: maize, sorghum, soybean; Small grain NT seeder: wheat, barley, oats. 
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20. Do you have a designated storage building for your crops? (e.g. warehouse, silo)      
 

      No, I don’t have one               Yes (co-owned)                Yes (owned) 

 

Animals 
 

21. From the following animals, how many do you own as of today? (Consider adult animals 
only) 

 
Animals # Animals 

Oxen & Bulls  

Cows  

Sheep & Goats  

Horses  

Mules & Donkeys  

Pigs  

 
Farmer’s Market Linkage 

 
22. Do you currently belong to a farmers’ association for collective input purchasing or crop 
trading? 

 
      Yes          No, I buy inputs/trade crops on my own. 
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23. Please comment on your input purchases in 2016, and your primary source of 
information for applications. 

 

Input 
type 

Variety 
Amount used 
(Kg/Lt/Ha) 

Total expenditure 
($/ha) 

How do you decide on dose and date of application? 

 

F   

      Extension             Own Experience  
 
      Neighbor 

      Provider               Contractor            
 
      Other______ 

P   

      Extension             Own Experience  
 
      Neighbor 

       Trader                Contractor          
 
      Other______ 

H   

      Extension            Own Experience   
 
      Neighbor 

       Trader                Contractor           
 
      Other______ 

Note: F stands for Fertilizer, P for pesticide, and H for Herbicide. 

 
24. What is the distance of your most productive land plot to a paved road 
_____________________ Km(s).  

 
25. Do you trade all/at least some of your crop production?       Yes        No 

 
NB: If “No”, skip Q.26. 

 
26. Please indicate how do you primarily transport your crops to a selling point:  
 

      I have access to one/several vehicles            I hire a transportation service 

 

      The middleman picks up crops directly         Other (specify)_______________.  
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27. Please provide details on your crop production and sales for the last cropping year. 
 

Year 

Season 
Crop Variety 

Total Production 
(tons/ha) 

Crops 
sold (%) 

Selling  

Price ($) 

Household 
Consumes (%)

SS 

2016  

  Has    

  Has    

FW 

2015/16  

  Has    

  Has    

 
C. FARM-HOUSEHOLD INFORMATION 

 
Demographic Data 

 
28. Does the FHH share farm-management decisions with another person(s) inside or 
outside the household?  

 

      No, I decide alone            Spouse/Partner            Kid(s)  
 
      Other (specify)__________________ 

29. Information on the Farm-Household Head 
 

Variable Response  

Age of FHH 
 

________________ Years 

Gender of FHH       Male            Female 

FHH Marital Status 

  

      Single              Divorced/Widow  

      Married/Cohabitation          

If FHH is married/cohabitation, date of union:  

Year_______________ 

Does the FHH knows how to read and write a 
note?       Yes                     No 

Highest level of education 
completed by FHH 

      No formal education         High School 

      Elementary School            University 

      Middle School                   Other___________________ 
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Family Labor  
 

Def: “Permanent household members” include those living in the same household for at 
least 6 months a year, and who share income and other resources in a periodic manner.  

 
30. Including the FHH, please comment on the number of permanent members of your 
household. 

 

Age Range # of permanent members 

Number of males between 15 and 65 years of age  
 

Number of females between 15 and 65 years of age 
 

Number of members with 14 years of age or less 
 

Number of members with 66 years of age or more 
 

Total members of farm-household  

 
Farm-Household Income 

 
31. In a typical year, what percentage of your combined household income comes from the 
following sources? 

 

Variable Source of income (% of total income) 

Farm-household income source 

      Sale of crops  

 

      Sale of livestock or other animals 

 

      Off-farm work  

 
32. In 2016, did you provide services to other farmers for a fee (e.g., tilling, irrigation, etc.)? 
(a.k.a. “Maquila”) 

 
      Yes           No 
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33. If “Yes”, please provide details on the service and price charged for your 3 major 
services: 

 

Service delivered 
Price charged per 
hectare ($) 

# Served 
Customers 

# Total Hectares 

1.    

2.    

3.    

 
34. Have you ever received government support to complement your income or production 
expenses? 

 
      Yes           No 

 
If “Yes”, from which programs have you received money or in-kind support in the last few 
years? (All that apply) 

 

Production expenses support Income support 

      Procampo-Proagro     

      Government subsidy to seed, fertilizer or herbicide 

      Other _____________________________ 

      Progresa-Oportunidades-Prospera     

      Seniors support 

      Other ___________________________

 
35. Please indicate in what years you have received this support (Enumerator, check as “” 
all years that apply): 

 

2016 2015 2014 2013 2012 2011 2010 2009 2008 2007 2006 

2005 2004 2003 2002 2001 2000 1999 1998 1997 1996 1995 
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Housing quality indicators 
 

 Please provide details on the characteristics of the house where you and your family 
members currently live: 

 
36. Quality of housing and spaces 

 

 
Straw/ 
thatch 

Dirt/ 
Mud 

Wood/
Planks 

Iron 
sheets

Asbestos
Bricks
/Tiles 

Tin Cement Other 

Roofing 
material 

 

Walls 
material 

 

Floor 
material 

 

Number of rooms used for sleeping in the house       

 
37. Household access to basic services 

 

 Well/river/lake/ 
creek/other 

Water 
tanker 

Piped water 
from 
neighboring 
houses 

Piped water from 
public tap/hydrant 

Piped water 
within house 
limits  

Source of 
water for 
human use  

    

 

 Does not have Solar panel or 
similar 

Home power 
plant 

Electricity gridlines 

Source of Electricity     

 

 Coal/firewood    
no chimney 

Coal/firewood 
with chimney 

Gas tank Piped natural gas Electricity 

Cooking fuel 
 

    
 

 

 Does not 
have 

River/lake/sea Drainage to 
ravine/crack 

Drainage to 
septic tank  

Public sewerage 
system 

Wastewater 
disposal 
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38. At home, how many vehicles for private transportation do you own? (Specify make and 
model) 

 
Type of vehicle Make and model Make and model 

      # of Trucks   

      # of Cars   

      # of Motorcycles   

 
39. What material is the road outside of your house made of? (Enumerator please check as 
“” where it applies). 
 

      Dust               Pavement 
 

D. SOCIAL CAPITAL AND NETWORKS 
 

Trust and Social Norms  
 

40. How would you describe your level of trust in the following people?  
 

 None Low Moderate High
People from your own village  
People from other villages in your region  
People from outside your region  
Farming inputs providers  
Extension agents  
Other government officials (federal, state, local)  

 
41. How would you rate the members of your community on the following aspects? 

 
 Poor Adequate Good Excellent

Giving or exchanging gifts    
Giving money for community activities 
(“cooperacha”) 

 

Willingness to help others, especially the poor  
Resolving conflicts or disputes among people  
Abiding by the community rules and bylaws  
Women’s confidence to speak in public  
Men’s respect and consideration of women  
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Bonding Social Capital  
 

42. In a typical month/the last 30 days, how often have you/a member of your household 
participated in the following events? 

 
Event # of times 
Visited a neighbor informally  
Attended a local social function (e.g., wedding, funeral, party, etc.)  
Attended a meeting where village issues are discussed  
Participated in a community project (e.g., cleaning/digging a well, painting or fixing 
local school, sweeping community garden, etc.)  

 

Visited another farmer within your community to learn about agriculture  
 

43. At present, are you an active member of a local organization or club (e.g., sports, crafts, 
church, or social club)? 
 

      Yes           No 
 

If “Yes”, how many groups/clubs do you hold a membership with? _________  
 

44. In the past or currently, have you been the leader/part of the executive board of any of 
these local groups/clubs? 

 
      Yes, I’ve been a leader/representative           No, I’ve just been a regular member 

 
Bridging Social Capital 

 
45. In a typical year/the last 12 months, how often did you travel outside your village, or 
received visitors, for the following reasons?  

 
Event # of times
Travel outside village for business or agricultural training  
Travel outside village for personal or family reasons  
Received visitors from outside village for business or agricultural training  
Received visitors from outside village for personal or family reasons  
Has been visited at home or land plot by an extension agent  

 
46. Are you an active member of a group or organization that includes members of other 
communities or villages? (e.g., Rural Production Societies (SPR’s), merchants’ organizations, 
etc.)? 

      Yes        No 

If “Yes”, how many groups/organizations do you hold a membership with? ______ 
 

47. In the past or currently, have you been the leader/part of the executive board of any of 
these inter-village groups/organizations? 

 
      Yes, I’ve been a leader/representative           No, I’ve just been a regular member 
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Special Section 1: Landholding and Tenure Information 
NB: Read questions a, b, and c for the base year in each table. Fill out subsequent columns whenever the farmer confirms there was an 
increase or reduction in farmland extension in the following years. Focus on the wet season only (Spring-Summer). 

  
a) Base year: Use answer to Q.4. - Subsequent years: In what year did you increase or reduce the farmland that you manage? 
b) Base year: How many hectares did you own/rent? - Subsequent years: By how many hectares did farmland increase/reduce in that year? 
c) Did the hectares of farmland you manage change since that year?  

 
Owned Land (includes land solely owned by farm-household, i.e., excludes ejido land)   
 

a. Q.4. Year: Year: Year: Year: 

b. Owned ____________has Owned ______________has Owned _______________has Owned _____________has Owned _____________has 

c. 
Increase/Reduction after? 
      Yes           No 

Increase or Reduction?
      Yes           No 

Increase or Reduction?
      Yes           No 

Increase or Reduction?
      Yes           No 

Increase or Reduction?
      Yes           No 

 
Rented Land (includes land rented in/borrowed by farm-household)  

 

a. Q.4. Year:  Year: Year: Year: 

b. Rented ____________has Rented _______________has Rented _______________has Rented _____________has Rented ______________has 

c. 
Increase/Reduction after? 
      Yes           No 

Increase or Reduction? 
      Yes           No 

Increase or Reduction? 
      Yes           No 

Increase or Reduction? 
      Yes           No 

Increase or Reduction? 
      Yes           No 
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Special Section 2: Trial and Use of the CA System   
 
For the following years, please recall the land extension used for each of the CA principles. 
Include both owned and rented land in your answer.  
NB: Enumerator, please capture the use intensity (# hectares) for each CA principle. 

 
Year/Season Total 

Cultivated 
Area (has) 

Zero/Min 
Till (has) 

Organic 
Soil Cover 

(has) 

Crop 
Rotation 

(has) 

All 3 CA 
practices 

together (has) 

CA Tech’l 
assistance? 

Q.9 

FW 
I 
 
R 

  

%

 

G

 

Yes ____
 
No ____ L

SS 
I 
 
R 

%
Yes ____
 
No ____ V

Year (if 
variation) 
 
 
_________ 

FW 
I 
 
R 

  

%

 

G

 

Yes ____
 
No ____ L

SS 
I 
 
R 

%
Yes ____
 
No ____ V

Year (if 
variation) 
 
 
_________ 

FW 
I 
 
R 

  

%

 

G

 

Yes ____
 
No ____ L

SS 
I 
 
R 

%
Yes ____
 
No ____ V

2016 

FW 
I 
 
R 

  

%

 

G

 

Yes ____
 
No ____ L

SS 
I 
 
R 

%
Yes ____
 
No ____ V

Note: FW – Fall-Winter season; SS – Spring-Summer season; I – Irrigation; R – Rainfed; G- Grains; L – Legumes; V – 
Vegetables. 
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Appendix B. 
 
Supplementary figures 

 

Figure B.1. Mean factor scores of social capital dimensions: class varying, 
unrestricted two-class latent profile analysis 

Note: Abbreviations are NS = Norms; GT = General trust; FN = Farming networks; LF = Local 
functions; IB = Informal bridging; CE = Community engagement; AD: Advisory / Extension. 
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Figure B.2. Mean factor scores of social capital dimensions: class varying, 
unrestricted three-class latent profile analysis 

Note: Abbreviations are NS = Norms; GT = General trust; FN = Farming networks; LF = Local 
functions; IB = Informal bridging; CE = Community engagement; AD: Advisory / Extension. 
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Figure B.3. Mean factor scores of social capital dimensions: class varying, 
unrestricted four-class latent profile analysis 

Note: Abbreviations are NS = Norms; GT = General trust; FN = Farming networks; LF = Local 
functions; IB = Informal bridging; CE = Community engagement; AD: Advisory / Extension. 
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Figure B.4. Cumulative hazard (risk) graph for NT adoption event strata 
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Figure B.5. Cumulative hazard (risk) graph for CA adoption event strata 
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Figure B.6. Survival function graph for no-till adoption  
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Figure B.7. Survival function graph for conservation agriculture adoption  
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Appendix C. 
 
Model specifications from chapter 4 

Model specification C.1. Conditional risk set (gap time) model 

Recurrent NT and CA adoption events (i.e., failures) can be modelled departing 

from Cox's (1972) hazard (i.e., risk) rate for the 𝑗th cluster and 𝑘th failure: 

 

ℎ 𝑡  𝜆 𝑡 exp 𝑋 𝛽  

 

where ℎ 𝑡  stands for the NT / CA adoption risk rate, 𝑋  stands for a set of farm-

production system, farm-household demographic, social capital, and location covariates, 

and 𝜆  stands for a non-parametric baseline risk rate.  

 

Following Box-Steffensmeier & Zorn (2002), in a stratified recurrent events model 

the adoption risk rate is permitted to vary by the 𝑘th failure or adoption event number, 

thus the NT / CA adoption risk rate is given by 

 

ℎ 𝑡  𝜆 𝑡 exp 𝑋 𝛽  

 

In recurrent events modelling, there is a potential for correlation across recurrent 

adoption events. Thus, the estimated covariance matrix (conventionally written as Ι ), is 

replaced by a robust covariance matrix. Here, adoption events remain independent 

across farmers, but may be dependent within a farmer’s observed adoption events. 

 

𝑉 𝐼 𝐺 𝐺𝐼  
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Where 𝐼  is the standard variance of the Cox model, and 𝐺 represents a 

correction factor for the group score residuals matrix (Box-Steffensmeier & Zorn, 2002). 

Following Box-Steffensmeier & Zorn (2002), the 𝛽 parameters of this model are 

estimated through partial likelihood maximization, as follows 

 

𝐿 𝛽
𝑒

∑ 𝑌 𝑋 𝑒
 

 

Considering the Cox model is specified here as “gap time” (i.e., duration since 

previous event), the hazard (i.e., risk) function then becomes:  

 

𝜆 𝑡; 𝑍  = 𝜆 𝑡 𝑡 𝑒  

 

𝑍 𝑋  𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑑 𝑏𝑦 𝑍 𝑋 ,  𝐺  

 

𝑌 𝑡 𝐼 𝐺 𝑡  

 

where 𝐺  𝑋  𝑋 ,  is the gap time between adoption events with 𝑋 0. 

𝜆 𝑡  denotes the adoption hazard (i.e., risk) function for the 𝑘th CA / NT adoption event 

for the 𝑖th farmer at time 𝑡, 𝜆 𝑡  is the baseline function specific to the 𝑘th event 

number. Covariates are 𝑍 𝑍1 , … , 𝑍 ′ for the 𝑖th farmer with respect to the 𝑘th 

adoption event, and 𝛽 𝛽 , … , 𝛽  is a p x 1 vector of farm-production system, farm-

household demographic, social capital, and location parameters.   
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Model specification C.2. Conditional frailty model 

Following Box-Steffensmeier & De Boef (2006), the stratified conditional risk set 

model now incorporates a random effects component to account for potential between-

farmer heterogeneity or “frailty”. 

Departing from the conditional risk set model formulation (i.e., gap-time 

specification), the NT / CA adoption risk rate for a specific farmer 𝑖, 𝜆 , is, 

 

𝜆 𝑡 𝜆 𝑡 𝑡 𝑒  

 

Where 𝑘 stands for the NT / CA adoption event number; 𝜆  is the baseline 

hazard (i.e., risk) function, which varies by adoption event number; 𝑡 𝑡  stands for 

the gap time specification, where the adoption risk rate is a function of adoption event 𝑘 

since occurrence of the previous adoption event; 𝑋 stands for the set of farm-production 

system, farm-household demographic, social capital, and location covariates (time 

varying and non-varying); and 𝛽 stands for coefficients magnitude. Between-subject 

heterogeneity is incorporated through a random effect, which remains constant across 

the events experienced by farmer 𝑖, and 𝜔 is the set of unknown random effects. 

Following Box-Steffensmeier & De Boef (2006), the 𝛽 parameters are estimated 

through a partial likelihood maximization, as follows 

 

𝐿 𝛽
𝑒

∑ Σ 𝑌 𝑒
 

 

Where 𝑘 stands for the NT / CA adoption event number, 𝛿 is a censor variable 

that takes a value of 1 if adoption occurred, and 0 if not, and 𝑌 is an indicator for risk, 

which takes a value of 1 when a farmer is at risk of adoption and event = 𝑘, and 0 if not. 
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Model specification C.3. Frailty-mixture model 

Building on the conditional frailty model, frailty-mixture incorporates a latent 

binary variable to specify whether the farmer is predicted to adopt or not. 

Following Xu & Cheung (2015), a farmer and her sequence of recurrent adoption 

event times are indexed by subscripts 𝑖 and 𝑗, respectively. For farmer 𝑖, 𝑡  stands for 

the 𝑗th NT / CA adoption event time (𝑗 1, … , 𝑛  and 𝛿  stands for the adoption event 

indicator, which is equal to 0 if adoption is right-censored, and 1 if adoption is observed 

at the 𝑗th event time. The number of observed events by farmer 𝑖 are represented by 𝑑 , 

thus 𝑑 ∑ 𝑑 . The gap-time model specification entails that the clock restarts after 

each NT / CA adoption event. 

Next, the adoption latent variable is defined as 𝑘 , where 𝑘  = 1 if farmer is 

predicted to eventually adopt NT / CA, and 𝑘 0 if not. The hazard (i.e., risk) function is 

then, 

𝜋 Pr 𝑘 1 | 𝑍 𝑔 𝑍 𝜃  

Where 𝑔 ∙  is the parametric form for the probability of being non-cured (i.e., the 

“link” function), 𝑍  is the set of farm-production system, farm-household demographic, 

social capital, and location covariates, and 𝜃 is the set of regression coefficients.  

Following Xu & Cheung (2015), when farmer 𝑖 is noncured (𝑘 1 , the hazard 

(i.e., risk) function for the 𝑗th adoption event time 𝑡 is, 

ℎ 𝑡 𝑌 𝑡 , 𝜔 , 𝑋 𝑡 , 𝑘 1  𝑌 𝑡 𝜔 ℎ 𝑡 exp 𝑋 𝑡 𝛽  

where 𝑌 𝑡  stands for the at-risk-of-adoption indicator: 𝑌 𝑡  = 1 if farmer 𝑖 is at 

risk for the 𝑗th adoption event at time 𝑡, and 𝑌 𝑡  = 0 if not. When 𝑘 1, 𝜔  is the 

farmer-specific frailty and is assumed to follow a Γ 𝜓 , 𝜓  distribution, where 𝜓 stands 

for the distribution variance of the farmer-frailty. The probability density function for the 

farmer-specific frailty 𝜔  is 𝑓 𝜔 |𝑘 1  𝜔 / exp /Γ 1/𝜓 𝜓 / . Moreover, 

ℎ .  stands for the unspecified baseline hazard (i.e., risk) function to the 𝑗th NT / CA 

adoption event. 𝑋 𝑡  is the set of farm-production system and farm-household 
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demographic time-varying covariates, and 𝛽 stands for the vector of regression 

coefficients. 

Let Ω 𝑋 𝑡 , 𝑌 𝑡 , 𝑍 , 𝑡 , 𝛿 : 0 𝑡 𝑡 , 𝑗 1, … , 𝑛  denote the observed 

data for farmer 𝑖, and let Ω Ω : 𝑖 1, … ,385  denote the observed data in the study 

sample. The data likelihood for farmer 𝑖 (𝐿 , ), conditional on Ω , 𝑘 , and 𝜔  is 

𝐿 , 1 𝜋 𝜋 𝐺  

Where, 

𝐺
𝜔 exp

𝜔
𝜓

Γ
1
𝜓 𝜓 /

𝜔 ℎ 𝑡 exp 𝑋 𝑡 𝛽  exp 𝜔 𝐻 𝑡  

And 

𝐻 𝑡 𝑌 𝑠 ℎ 𝑠 exp 𝑋 𝑠 𝛽 𝑑𝑠 

The likelihood maximization for the full farmer sample, conditional on data 

observed for farmer 𝑖 (Ω , predicted adoption (𝑘 , and farmer-specific frailty (𝜔 ), is  

𝐿 𝐿 , . 


