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Abstract: Models can provide a structured way to think about adoption and provide a method
to investigate the impacts of different factors in the adoption process. With at least 70 years of
research in the adoption of agricultural innovations, there has been a proliferation of adoption
models, both conceptual and numerical. This diversity has resulted in a lack of convergence in the
way adoption is defined, explained, and measured, causing agricultural extension and policy to
rely on a body of literature that is often not able to offer clear recommendations on the variables or
mechanisms that can be used to design interventions. We conducted a review of conceptual models
to clarify the concepts and approaches used in the practice of modeling adoption in agriculture. We
described general adoption conceptual models originating from sociology, psychology, economics,
and marketing and reviewed examples of models specifically defined for the study of adoption
in agriculture. We also broadly assessed the ability of conceptual models to support building
numerical models. Our review covered a range of modeling approaches for diffusion and individual
adoption, illustrating different perspectives used in the literature. We found that key elements
that should be used in adoption models for agriculture include: a way to assess the performance
of the proposed new technology (e.g., relative advantage, both economic and non-economic) in
relation to the existing technology or practice in place, the process of learning about this advantage,
the interaction between individual decision-making and external influences, and characteristics of
potential adopters affecting their attitudes towards the technology. We also detected inconsistencies
in how different elements are treated in different conceptual models, particularly behavioral elements
such as attitudes, motivations, intentions, and external influences. In terms of modeling, the main
implication of these inconsistencies is the difficulty to generate quantitative evidence to support these
models since multiple interpretations make it difficult to achieve consistency in the definition of
observable, measurable variables that can be used to quantify cause-effect relationships. Suggestions
for further research in the field include: questioning whether the adoption of all technologies and
practices can be represented by the same adoption or learning process, exploring the dynamics
in the relationship between adopters and technology before and after adoption, and questioning
the basic assumptions behind the process of individual decision-making models and the role of
collective decision-making. Findings from this review can be considered by adoption researchers
and modelers in their work to assist policy and extension efforts to improve the uptake of future
beneficial agricultural innovations.

Keywords: adoption modeling; diffusion; agricultural innovation systems; farmer decision-making;
drivers of adoption

1. Introduction

Models can provide a structured way to think about adoption and provide a method
to investigate the impacts of different factors in the adoption process. Adoption models
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can: (a) illustrate how the system works and identify key driving forces, (b) quantita-
tively predict the outcomes from the system, and (c) methodically analyze the uncertainty
surrounding drivers and their effects on outcomes [1].

There are two broad categories of adoption models: theoretical or conceptual models
and numerical models. Conceptual models use flow diagrams or algebraic equations to
identify adoption factors and explain their relationships and effects without necessarily
seeking to quantify them. Numerical models are normally built based on conceptual
models, with the aim of quantifying the variables and the magnitude of the relationships
that are represented in the conceptual models. Numerical models can therefore be used to
validate a conceptual model, summarizing and embodying scientific knowledge.

With at least 70 years of research in the adoption of agricultural innovations, there
has been a proliferation of adoption and diffusion models, both conceptual and numerical.
Recent reviews like [2–4] illustrate this. Each model has been built to answer different
questions, analyzing adoption in specific settings or at different scales, using different
assumptions, data, and methods. Since no model can fully capture the adoption process,
the variety of available models can be seen as a strength rather than a weakness.

Given the variety of purposes and assumptions of different models, cross-model com-
parisons are often not possible. Some authors suggest that it is not possible to find common
patterns in agricultural innovation systems and that interventions cannot be expected
to create predictable impacts [5]. Furthermore, meta-analyses and reviews conducted in
adoption in agriculture often highlight the differences rather than the commonality among
existing studies [3,6,7].

This observed diversity has resulted in a lack of convergence in the way adoption is
defined, explained, and measured [8]. Montes de Oca Munguia and Llewellyn [1] (p. 80)
point out that, “This absence of convergence matters for two reasons. Firstly, it means that
there is a lack of clarity about the analytical methods and the choice of explanatory variables
that we should use to model adoption. Secondly, it means that agricultural extension and
policy are influenced by a body of literature that is often not able to offer a clear and
consistent recommendation on the variables or mechanisms that can be used to design
policy interventions”. In this review, we investigate possible reasons for this divergence.

Scholars argue that there is a need for meaningful synthesis and integration in the
field of agricultural adoption to make it more practical for applied agricultural research,
extension, and policy [8] (e.g., modeling). The objective of this review was to address
this need by clarifying concepts and approaches used in the practice of modeling adop-
tion in agriculture. The intended audience for this study was adoption researchers and
modelers assisting policy and extension efforts to improve the uptake of future beneficial
agricultural innovations.

The first section of this review describes early studies from sociology, psychology,
economics, and marketing and draws upon more recent highly influential integrative
studies that have developed models specifically for the study of adoption in agriculture.
The difference between diffusion and adoption models are explained, and two modeling
approaches that have influenced the research field are described.

Secondly, we reviewed a sample of conceptual models used as the basis to build the
numerous numerical models in the adoption literature. Figure 1 shows the models or
studies that we have chosen as examples. The selection of these examples was based on
their ability to illustrate the different disciplinary perspectives used to explain adoption
and their ability to illustrate the wide range of variables that have been used in subsequent
empirical studies; in this study, they were broadly classified into two dimensions according
to the nature of their concepts: those more focused on the characteristics of the adopter and
those more focused on the characteristics of the technology, and whether the models were
more focused on understanding the individual process of decision-making, or incorporated
external influences into the adoption decision (i.e., extended behavioral models).
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Figure 1. Conceptual models selected to illustrate a range of modeling approaches for adoption [9–18].

In our review, we analyzed the suitability of these conceptual models to generate
quantitative supporting evidence (e.g., their ability to identify observable, measurable
variables that can be used to quantify cause-effect relationships) only in broad terms.
We also note cases where these models have been adapted specifically for adoption in
agriculture, citing recent studies as examples.

2. Early Studies

The initial call for a mathematical formulation to explain the diffusion of agricultural
innovation (hybrid seed corn) was made by the sociologists Ryan and Gross [19]. Four
important subsequent studies set the basis for the theories, models, and analytical methods
that still heavily influence the literature in adoption studies: Griliches [20], Rogers [21],
Bass [22], and later Ajzen [11]. These were based on four individual disciplines: eco-
nomics, sociology, marketing, and psychology, with sometimes fundamentally different
assumptions regarding the processes that drive adoption.

Griliches established the use of regression modeling to provide evidence of adoption in
agriculture. He studied the adoption of hybrid corn in US regions based primarily on yield
and profit advantage. At about the same time, Rogers defined the diffusion of innovations
(DOI) theory as the process by which innovations are communicated over time among the
members of a social system and identified attributes of innovations that influence adoption:
relative advantage, compatibility, complexity, trialability, and observability. Rogers used
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sociological theory to propose that the perception of these attributes by each potential
adopter is the main influence on adoption decisions. Bass-based marketing numerical
models are considered the most statistically robust models to predict market penetration
(first purchase)—the rate of adoption and speed of adoption [9]. Finally, the psychology-
based Theory of Planned Behaviour (TBP) [11] has been widely used to understand the
individual adopter’s internal process of decision-making and how this process is also
affected by external influences such as social norms and perceived control influences.

The differences in how adoption has been perceived by individual disciplines are
well documented in the literature. For example, in their study of the nature of innovation
diffusion in the agricultural sector, Sneddon et al. [23] concluded that “ . . . an evolutionary
social process underlies agricultural innovation and that further research needs to be
undertaken to examine such innovations from this perspective” (p. 478). They highlighted
“ . . . the inadequacies of assuming economic rationality or efficient choice in the decision
to adopt or reject new agricultural technologies” (p. 478). Sneddon et al. [23] conducted
their study from the perspective of marketing. In this study, we considered that their
findings exemplify the differences in approach and tension that exist between disciplines.
Young [24], an economist, analyzed the mathematical properties of benchmark diffusion
models from the three disciplines to compare the adoption curves generated by them.
He offered a synthesis of the origins and evolution of diffusion models, including their
fundamental differences in assumptions (Table 1).

Table 1. Comparison of three classes of models of innovation adoption. Based on Young [24].

Discipline Class of
Model Brief Description Summary of Assumptions

Marketing Contagion and
inertia

People adopt when they come in contact
with others who have already adopted; that
is, innovation spreads much like epidemics.

Process initiated by mass communication and
propelled by word-of-mouth, mediated by resistance

to change (i.e., inertia).

Sociology Social influence People adopt when enough other people in
the group have adopted.

Social exposure. Innovations are spread by a
conformity motive mediated by resistance to change.

Economics Social learning

People adopt once they see enough
empirical evidence to convince them that
the innovation is worth adopting, where

the evidence is generated by the outcomes
among prior adopters and other relevant

information sources.

Decision depends on prior beliefs, the amount of
information gathered, and idiosyncratic costs.

In order to compare the performance of models representing the three disciplines,
Young used the diffusion data of hybrid corn from the classic study of innovation diffu-
sion [19]. Interestingly, he concluded: “ . . . we can say that the social learning is consistent
with the observed pattern of diffusion of hybrid corn, although we cannot say that it
was the sole explanatory factor. We can say with some confidence, however, that inertia
and contagion were probably not the sole explanatory factors . . . and neither was social
influence” (p. 1919). Both the Sneddon et al. and Young [23,24] studies seem to agree on
the need for a multidisciplinary understanding of adoption.

3. Adoption, Diffusion, and Modelling Approaches

In this study, the distinction made between adoption and diffusion in terms of mathe-
matical modeling is of scale and modeling perspective: while the adoption perspective uses
the individual as the unit of analysis, the diffusion perspective considers the population of
adopters as a whole. Rogers’ DOI theory [21] describes patterns of adoption amongst entire
populations. His approach, therefore, uses a generalization of the social system (versus
individual) as the unit of analysis [25]. This is a simple but important distinction because
numerical adoption models might consider the drivers that influence decision-making at
the individual level (e.g., using TPB) and then aggregate up, while numerical diffusion
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models could consider the same drivers but making assumptions about their collective
effects on a population (e.g., using the Bass model).

The aggregate effects of adoption can be observed at the diffusion level. In this study,
we consider four diffusion outcomes relevant to agriculture:

• Peak adoption: the cumulative number of new adopters of new technology or practice
amongst a target population of potential adopters.

• Adoption speed: the time (usually measured in years) to reach peak adoption.
• Duration of use: the time (usually measured in years) that practice or innovation is

in use within the target population before it is replaced, or its use ceases for other
reasons.

• Extent of use: the degree of intensity of the implementation of the technology or
practice. This outcome is different from the first three because it is not measured in
terms of a population of potential adopters but in terms of other variables, such as
land area [8].

Besides the unit of analysis, we highlight another important difference between
numerical models: the degree to which decision-making is modeled as a sequential process.
Most current models in the agricultural adoption literature consider adoption as a binary,
‘once-off’ decision [8]. This approach is like the marketing concept of ‘first purchase’, on
which most diffusion models are based. We next describe a Bass-like diffusion model
(based on Parker [9]) to illustrate this modeling approach. On the other hand, some models
do choose to model adoption as a staged process. A step-hazard adoption model (based on
Dekimpe et al. [26]) is used to illustrate this approach.

3.1. Bass-Like Modelling Approach

The Bass model, continuously modified and extended, consists of two parameters
to generate a diffusion curve: a, or the “coefficient of innovation, external influence or
advertising effect” and b, or the “coefficient of imitation, internal influence or word-of-
mouth effect”, as seen in Equation (1).

n(t) = [a + b(N(t)/M][M − N(t)] (1)

where a and b are positive constants, n(t) are the number of adopters in time t, N(t) are the
cumulative number of adopters up to but not including t, and M is the market potential (i.e.,
the population of potential adopters). a defines the intercept; the number of adoptions in
the initial year of technology introduction. It sets the start of the curve, and b defines both
the timing and amplitude of the peak. It is the ‘contagion effect’ or cumulative learning.

Parker [9] conducted a review of diffusion models used for forecasting and concluded
that an extended Bass-type model is the most mathematically robust and flexible function
to model sigmoidal curves. He extended the Bass model to increase statistical robustness
and increase the ability to adjust the shape of the sigmoidal curve (e.g., timing, amplitude,
and skewness). Parker’s model is presented in Equation (2).

n(t) = [a + b[N(t)/cM(t)](1+d)][cM(t)− N(t)] (2)

where, similarly to (1), a, b, c, and d are estimated constants, n(t) are the number of adopters
in time t, N(t) is the cumulative number of adopters up to but not including t, and M(t) is
the market potential at time t. The model added the variables c and d. c is the “long-run
penetration ceiling among the population” and defines the ultimate adoption level by
the population, while d, or “Non-uniform interpersonal influences” (NUI), defines the
(skewness), affecting the speed of diffusion. It counteracts b to reflect changes in adopters’
immunity to contagion effect as the technology matures.

The Bass and Parker models illustrate the use of a highly simplified model with aggre-
gated parameters to represent decision-making: the coefficients of innovation, imitation,
and NUI. Because of this level of aggregation, diffusion models often lack the ability to
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identify nuanced cause-effect relationships between parameters affecting individual adop-
tion. The effect of specific actions could potentially be estimated using these aggregated
parameters (e.g., the effects of awareness or marketing campaign or a policy intervention
in the population), but it is likely that these estimations would potentially over-simplify
the complexity of adoption in agriculture.

3.2. Staged Adoption Modelling Approach

Most adoption conceptual models in agriculture define adoption as an information-
driven staged process [10,21,27]. Since Rogers [21] defined adoption as “the mental process
an individual passes from first hearing about an innovation to final adoption (of the tech-
nology)”, it is commonly accepted that an innovation’s final adoption is only reached after
going through a process of learning and experimentation. Rogers’ Information-Decision
Process Model [28] proposed a five-staged model: knowledge, persuasion, decision, imple-
mentation, and confirmation. Adrian [29] identified and used an earlier model to analyze
the adoption of precision agriculture: the Transtheoretical Model [27]. This model also
consists of five stages to explain how an individual considers a change, prepares for change,
makes the change, and maintains the changed behavior. The stages are pre-contemplation,
contemplation, preparation, action, and maintenance. Pannell et al. [30] outlined a staged
process of adoption at a farm level consisting of the following stages: awareness, non-trial
evaluation, trial evaluation, adoption, review and modification, and dis-adoption.

All of these conceptual models explain, in different ways, “the process people go
through when becoming aware of the possibility of a change, the decision to adopt, the
implementation of the change, and the maintenance of the change” [29] (p. 14). Concep-
tualizing adoption as a staged process is potentially more useful to design interventions
than an aggregated approach because it could help target parameters affecting specific
adoption stages (e.g., where extension efforts would be more effective, where the policy
would influence the most). In process models, transitions between stages are driven by
information—the decision-maker transitions from one stage to the next depending on the
accumulation of information and the speed to process it [10].

Some authors use a step-hazard approach to represent the different stages of the adop-
tion process as a way to better understand the transitions between them [31]. The duration
equations to move from one state to the next are assumed to be determined by different
processes. The step-hazard approach has been successfully used to represent Rogers’ adop-
tion process in several studies [32], and there are some examples in the marketing literature
using a step-hazard approach at a national or international level [26,32,33]. However, there
are very few similar studies in agriculture (e.g., [34,35]). Figure 2 shows how the adoption
process proposed by Pannell et al. [30] can be represented as a step-hazard model.
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In Figure 2 the boxes represent the different adoption states and ri the transition rates
between states. Implicit in this process is the possibility that farmers may fail to proceed to
a subsequent stage, stopping at one of the boxes, or even stopping prior to reaching the
Awareness box. Conceptually, it could be possible to establish and test the links between
each transition rate with specific adoption outcomes.

4. Conceptual Models of Adoption

As seen in Figure 1, we have classified conceptual models in two dimensions according
to the nature of their elements: those more focused on the characteristics of the adopter and
those more focused on the characteristic of the technology, and whether the models were
more focused on understanding the individual process of decision-making, or incorporated
external influences into the adoption decision (i.e., extended behavioral models). Their
placement in the grid is indicative only, as many models could also contain elements from
other quadrants.

The ADOPT model [14] integrates elements of all quadrants. To illustrate individual
decision-making process models mainly focused on the adopter, we selected Bass-like
models [9], described in the previous section, and an information flow model (based on
Lindner et al. [10]. We selected a dynamic, risk-economic conceptual model: Abadi Ghadim
and Pannell [13] to illustrate individual decision-making process models with a focus on
both adopters and technology, and a technology-task fitness model based on Goodhue and
Thompson [17] and Venkatesh [18] to illustrate individual decision-making process models
mainly focus on the technology. We selected three extended behavioral models of adoption
in this review: a model incorporating the TPB: Zeweld et al. [12] to illustrate models mainly
focused on external influences on the decision-makers, a technology acceptance model [17]
as an extension of task-technology fitness, and a satisfaction model (based on Johnson
et al. [15]).

4.1. The ADOPT Model

The ADOPT conceptual model of adoption and diffusion is shown in Figure 3. The
model represents cause-effect relationships driving individual adoption and contributing
to two diffusion outcomes (peak adoption and adoption speed) using the relationships
between 22 variables. The cause-effect relationships shown in the conceptual model
have been supported by economic and sociology literature in agriculture [14]. The main
economic and sociological theoretical constructs in this model are Relative advantage and
Learning of Relative Advantage.

4.1.1. Relative Advantage

The first high-level driver of adoption in the ADOPT model is a relative advantage.
Theories related to relative advantage for modeling are well supported in the literature and
include subjective expected utility theory [36], prospect theory [37], and multi-attribute
utility theory [38]. The application of these theories in models of decision-making has
been reviewed extensively (e.g., [39]). The use of different population orientations (i.e.,
preferences) to weight characteristics of the practice when calculating overall relative
advantage in the conceptual model illustrates the interplay between rewards, effort, and
risk in decision-making in agriculture, as proposed by Nicholson et al. [40].

A large body of research has shown that the main driver of voluntary adoption of
innovations in agriculture is a relative advantage (Pannell and Vanclay 2011). The concept
of relative advantage represented in the ADOPT conceptual model means “the degree to
which an innovation is perceived as being better than the idea it supersedes” [28] (p. 229).
This definition allows for the inclusion of multiple factors that affect farmers’ decisions [30].
In the ADOPT model, there are three decision maker’s orientations (profit, environmental,
and risk) that can influence the relative advantage of the technology or practice under
analysis on those three components.
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Figure 3. The ADOPT conceptual model. Based on Kuehne et al. [14]. (Permission obtained).

4.1.2. Learning of Relative Advantage

The second high-level factor represented in the ADOPT model is learning. The ADOPT
conceptual model identifies the variables and cause-effect relationships affecting the like-
lihood of adoption and the time elapsed from the availability of agricultural innovation
to the decision to adopt it as suggested by Lindner et al. [10]: the discovery stage—the
time it takes for the producer to be aware of the existence of the innovation, the evaluation
stage—the time from awareness to first use, on a trial basis, and the trial stage—the time
from the initiation of trial use to the acceptance of the innovation. Characteristics of the
innovation interact with characteristics of the population of adopters to affect the time to
adopt an innovation, thus covering the stages of awareness, trialing, and adoption outlined
by Pannell et al. [30].

In ADOPT, the construct of learning affects the speed of adoption and is heavily
influenced by the original work of Lindner et al. [10], but unlike Lindner et al., it does not
explicitly represent the information flows driving the transition between stages. Lindner
et al. suggested that “the duration of the time lag in each stage will be directly related to
the minimum amount of required information, and inversely related to the rate at which is
collected” (p. 100).

All the conceptual models and theories of adoption analyzed in this study are well
established in the literature; some of them have been applied fully or partially in agriculture,
and some have not. However, so far, only the ADOPT conceptual model has been purposely
defined to build a predictive numerical model in agriculture.

4.2. Information Flows Model

Lindner et al. [10] outlined the basic process driving the time lag from the availability
of agricultural innovation to the individual decision to adopt it: the discovery stage—the
time it takes for the producer to be aware of the existence of the innovation, the evaluation
stage—the time from awareness to first use, on a trial basis, and the trial stage—the time
from the initiation of trial use to the acceptance of the innovation.

Lindner et al. suggested that information plays a central role in the three stages,
noting differences in the nature of the information collected. They suggested that during
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the discovery stage, the producer is actively seeking information about the existence of
previously unknown innovations, while the second and third stages consist of collecting
innovation-specific information about its attributes to make the decision to first trial it
and then adopt it. During the evaluation stage, this information is sourced from off-farm
sources, while the information collected in the trial period originates mainly on-farm.

Lindner et al. also suggested that the transition from one stage to the next depends
on the accumulation of information and the speed to process it. The discovery stage will
terminate when the producer has canvassed sufficient information sources to become aware
of the innovation. The evaluation stage terminates when the producer has accumulated
sufficient information from off-farm sources to be convinced to trial the innovation or not
trial it.

The minimum quantity of information required to move from any stage will depend
on the producer’s perception of the quality or reliability of the information. Quality, in this
case, is measured by the level of uncertainty about the relevance of the information for their
agribusiness. Lindner et al. also suggested that the minimum quantity of information to
move from awareness to trial will depend on the producer’s pessimism and conservatism
related to their initial belief about the innovation’s relative advantage and their level of
innovativeness, or inherent propensity to adopt quickly, as proposed by Rogers [28].

The key message from Lindner et al. and subsequent studies [41,42] is that the chances
of trialing and adoption are highest if the innovation is perceived as highly relevant to the
potential adopter’s agribusiness [14,30], as shown in Figure 4.
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Figure 4 illustrates the role of off-farm information sources in influencing the decision
to trial and adopt (before trial evaluation) and the role of information generated on-farm
leading to adoption. There is some research showing the links between information-seeking
behaviors and adoption in dairy farms [43].

4.3. Dynamic, Risk-Economic Model

Abadi Ghadim and Pannell [13] proposed a conceptual framework for individual
adoption using economic and sociological theory. Their model implemented Lindner
et al. [10] ideas by conceptualizing the process of adoption as a dynamic process that spans
several years. In their model, the adoption decision involves changes in the decision-
maker’s perceptions and attitudes as information is progressively collected.

Abadi Ghadim and Pannell’s model includes the role of farmer’s personal perceptions,
managerial abilities, and risk preferences over time in deciding to adopt. Their model rep-
resents the problem of adoption as a rational economic decision with the objective of profit
maximization or expected utility maximization. In their framework, the expected prof-
itability or expected utility of innovation is increased over time due to skill development,
and the ability to make good decisions about the innovation is increased with experience.
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The model includes the influence of uncertainty about the long-term profitability of the
innovation and the effects of trials and experimentation in reducing this uncertainty and
combines this with the farmer’s risk preferences.

Abadi Ghadim and Pannell’s [13] model considers that the decision to trial and adopt
an innovation depends on the subjective perception of the performance of the innovation
in relation to an alternative. This perception of expected profit is further combined with
the farmer’s perception of risk and their attitude to risk to define adoption as the result of
maximizing the expected utility of profit—which is a form of subjective expected utility
theory [36]. This concept of relative advantage was expanded in the ADOPT conceptual
model by also including an environmental orientation as well as profit and risk orientations.

Abadi Ghadim and Pannell’s model relies on a combination of objective variables
(gross margins, farm area, costs, net profits, farmer’s planning horizon) and variables that
are difficult to be measured objectively (attitude to risk, the value of information from
trialing for skill development).

4.4. Task-Technology Fitness Model

The approach taken in the ADOPT model of matching population and innovation
characteristics to calculate relative advantage resembles early task-technology fitness
models [17,18,44], as shown in Figure 5.
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In a task-technology fitness model, there is an emphasis on the role of technology as
an intermediary between individual preferences and task characteristics. This model is a
good reminder that in agriculture, it is highly likely that there is already a technology or
practice in use fulfilling each task and thus delivering benefits to the landowner. Therefore,
any new technology is very likely to be a replacement for the existing one. The concept
of “task” can be interpreted as a discrete activity (e.g., harvesting), or it could also be
extended to represent an activity within a farming circumstance (e.g., irrigation within a
water allocation limit). Farming conditions are dynamic, requiring a constant revision of
the performance of current technologies. A “new task” can, therefore, arise when farming
conditions change (e.g., new environmental regulations are introduced), needing new
technologies or practices to be considered. In many cases, however, under relative stability,
new technologies or practices would likely result in only incremental improvements on the
current technology’s performance (e.g., a new crop cultivar).

The task-technology fitness model is a good reminder of the need to understand better
the current technology in order to make a more accurate measure of relative advantage [1].
In an individual decision-making process model, a new opportunity is open when there
is a gap between the existing technology’s capabilities and the requirements brought
in by changing farming conditions. This means that a landowner’s knowledge about
innovation can remain in the “awareness” stage until it becomes sufficiently relevant.
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Relevance can, therefore, be measured as the ability of new technology or practice to fill
the performance gap.

The constructs in the technology-task fitness model are especially relevant to explain
continuing use and use intensity because of the constant evaluation of the relative advan-
tage between alternatives that could lead to identifying gaps in performance that could
trigger a technology substitution process.

4.5. Theory of Planned Behaviour

Models based on rational choice are often criticized for not taking into account cogni-
tive and social–psychological factors that can influence farmer’s attitudes and intention to
adopt, including the role of other people’s opinions [45]. This section, therefore, reviews
some models that apply social psychology theories to explain elements of adoption not
included in individual decision-making process models.

The dominant psychological model of decision-making and behavior is the Theory of
Planned Behaviour (TPB) [11]. TPB has been used as the basis for other behavioral models,
like the theory of reasoned action (TORA) and technology acceptance models (covered later
in this section). While the relative advantage is concerned with variables that can explain
the fitness of the innovation to satisfy the producers’ preferences, the TPB is concerned with
variables that affect the behavior of the potential adopter. TPB has been used to explain the
relationship between values, attitudes, and behavioral intentions to predict behavior. Its
components include values, norms, attitudes, beliefs, perceptions of social pressure, and
beliefs about the level of control to make decisions.

The TPB has been combined with other relevant theories such as the self-identity
theory and the cultural identity theory [46] to better explain farmers’ decision-making. The
principles of TPB have been used in agriculture to define farmers’ segments or typologies
based on attitudes to predict behavior [47,48] and to analyze farmers’ attitudes towards
adopting environmental practice [49–52]. However, the majority of adoption studies
in agriculture include measures of attitudes without adhering to one particular theory
(e.g., [53–55]).

In the TPB, attitudes are assumed to be causally related to rational behavior when the
decision-makers have control over decisions. However, this rational process is affected by
both subjective norms and perceived control. Figure 6 shows the TPB model characterizing
the influences in the decision-making process as proposed by Ajzen [11], and Figure 7
shows a recent example of the TPB applied in agriculture.
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Figure 6 shows how attitudes are affected by a rational process of evaluating the
outcomes of different options. Subjective norm (the perceived social pressure to behave a
certain way) is affected by normative beliefs (perceived pressure from influential people
or groups) and the decision-maker’s motivation to comply with their wishes. Perceived
control is affected by specific control beliefs (the perception of the degree to which various
environmental factors make it easy or difficult to perform a behavior) and the perceived
level of personal power to facilitate or inhibit them (e.g., self-efficacy—the decision-maker’s
belief in his/her effectiveness in performing specific tasks as well as by their actual skill).

We found some similarities between this model and the concepts in the ADOPT model.
Figure 7 shows how variables listed in the top left box measure relative advantage, affecting
attitudes, while the second set of variables, in the middle left box, relate to learning of
relative advantage. The third set of variables, in the bottom left box, are mostly covered
in ADOPT, except for external influence—or how important are other’s opinions on the
decision to adopt.

4.6. Technology Acceptance Models

Task-technology fitness models have now invariably been combined with either TPB
or TORA behavioral theories, resulting in Technology Acceptance Models (TAM), in which
the fitness of technology to perform a task is only a precursor of adoption and utilization.
In technology acceptance models, the perceived fitness of the technology informs the
“intention to adopt”, which not always translates into adoption. Therefore, psychological
and sociological theories of attitudes and behaviors are important elements of technology
acceptance models, as shown in Figure 8.
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In agriculture, there are some studies using behavioral theory and TAM to measure
relative advantage (e.g., [56–58]) and some point out considerable discrepancies between
intention to adopt and actual adoption (for example, [52]).

There are some studies proposing reasons for ‘latency’ in adopting seemingly advan-
tageous innovations. Barr [43] suggests that the adoption decision process, especially of
those innovations that carry significant risks to the landowner (e.g., dairy conversion), is
an expensive process: stressful, long, and extensive. He also mentions the role of two par-
ticular heuristics to be taken into account in the adoption decision under high uncertainty
or risk: the recognition heuristic (i.e., doing what is familiar) and the imitation heuristic (i.e.,
copying others) [36].

Recent work in cognitive psychology suggests that imitative behavior increases when
uncertainty increases, while individual decision making prevails in conditions of low
uncertainty [59]. In terms of modeling, this could be an important principle to test in
agriculture. Unfortunately, there seem to be no studies in agriculture testing these concepts.

4.7. Satisfaction Models

In contrast to the processes driving the initial uptake of agricultural innovations,
the processes driving their ongoing use have not been researched widely. The marketing
literature has developed a large body of research on understanding the behavioral processes
that determine the sustained use of innovations and the intensity of their use. Customer
satisfaction indices were introduced in the 1990s at a national and international level to
better understand consumer loyalty, resulting in a variety of psychology-based models
(Johnson et al. [15]). Recent research efforts have been driven by the Information and
Communication Technology (ICT) sector. For that industry, as for agriculture, sustained
use and use intensity are substantially more important than first purchase [60]. These
models propose that understanding the use of innovations requires research that moves
away from transactional to relational viewpoints [15]. Central to these models is the concept
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of satisfaction and loyalty as “attitude-type evaluations” [15,61]. A positive experience
using the innovation causes satisfaction, which in turn causes the user’s loyalty towards
the innovation. The concept of satisfaction is synonymous with the concept of consumption
utility in economic psychology and welfare economics [15].

Even when the relationships between quality of experience, satisfaction, and loyalty
are circular (i.e., reinforcing), models of satisfaction have been able to represent the process
successfully as a linear progression by defining satisfaction and loyalty as cumulative
behavioral intentions [62]. Research on satisfaction models also suggests a clear separation
between behaviors when assessing the performance of innovation before and after first
purchase, to the point that some authors propose that the pre-first purchase expectations
on innovation performance play virtually no role in the perceived quality and value of the
innovation once it is purchased [15].

Satisfaction models, therefore, open the possibility of explaining the ongoing use and
intensity of use of agricultural innovations. A high level of satisfaction with the innovation
could lead to continuing use and intense use. A high level of satisfaction could also lead to
increased loyalty to the innovation and the institutions behind it. A reduction in the level
of satisfaction could, in turn, trigger the need to discover a new alternative. Figure 9 shows
a satisfaction model based on Johnson et al. [15].
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Two measures used to quantify the quality of experience are based on early work by
Deming [63] and Juran and Gryna [64]. The measures are customization, or the degree to
which technology or practice provides key customer requirements, and reliability, or how
consistently these requirements are delivered. A third measure, quality of experience, is
perceived value or a rating of the quality received for the price paid [61]. Customization,
reliability, and perceived value are continuous evaluations against the existing technology
or practice, determining the degree and speed of replacement of the existing technology or
practice. Some studies explore the quality of experience criteria to evaluate the performance
of agricultural technologies (e.g., [56,58]).

Loyalty is the definitive dependent variable in models of satisfaction because it is the
behavioral intention that best predicts customer retention [15]. Customer loyalty is the
customer’s psychological predisposition to keep using a product or service [65].

Because satisfaction models are relational rather than transactional, loyalty captures
not only the relationship between the user and the technologies or practices but also
between the users and the companies or institutions selling, servicing, or promoting them.
Satisfaction models have shown the effects on loyalty of concepts like brand reputation,
corporate image, trust, and customer service and complaint handling systems [61]. Johnson
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et al. [15] suggest that pre-purchase expectations are heavily influenced by corporate image
and institutional trust, making it unnecessary to consider these expectations explicitly as a
factor contributing to satisfaction after the first purchase.

Loyalty might not be relevant to some agricultural innovations (e.g., practices that
are not purchased, such as decisions about the timing of an action), and loyalty could also
be less likely to be relevant for costly commercial investments relative to much smaller
personal choices (especially if image-related). Loyalty is also affected by the level of attach-
ment to an existing technology or practice (and the institutions behind them). Satisfaction
models have borrowed from institutional theory the concept of relationship commitment
to represent this attachment. This perceived commitment acts as a psychological barrier
against the rational processes to develop loyalty to an innovation-seeking to replace the
existing way of doing things [15].

Satisfaction models use three measures of commitment, Affective, normative, and
continuance, to represent the relationships between users and an existing idea, technology,
practice, or institution [66,67]. Commitment concepts can be linked to TPB as follows:
Affective commitment (i.e., emotional attachment) can be associated with attitudes, while
normative commitment (i.e., sense of moral obligation) can be associated with subjective
norms, and continuance commitment (i.e., switching costs, feeling of being locked in
or trapped) with perceived control [66]. A recent meta-analysis on the commitment to
organizational theory found evidence of cross-cultural validity of commitment measures
across 54 countries [68], opening the possibility of adapting them to agriculture. Figure 10
shows some variables affecting the three components of commitment, based on Meyer and
Allen [16].
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5. Discussion

In this study, we have identified important elements that adoption researchers and
modelers can consider when conducting empirical studies. Firstly, we have highlighted
the choice of perspectives that modelers can make, distinguishing between adoption
and diffusion modeling perspectives [25]. This is a simple but important distinction
because adoption models might consider the drivers that influence decision-making at
the individual level and then aggregate up, while numerical diffusion models would
normally consider the same drivers but making assumptions about their collective effects
on a population as a whole.

This review highlighted that models could provide adoption researchers a structured
way to think about the process of adoption and to investigate the impacts of different
factors in the adoption process, but it also highlighted the diversity of perspectives on the
study of adoption and their implications for modeling. This diversity stems from early
conceptual models defined by different disciplines using different theories. Over time,
we highlighted how these models have often been combined and adapted for agriculture,
resulting in a multitude of interpretations of the elements and interactions that should be
included in these models.

Considering this diversity in perspectives, this review found four key elements that
adoption researchers and modelers should consider in adoption models for agriculture
include: (1) a way to assess the performance of the proposed new technology (e.g., relative
advantage, both economic and non-economic) in relation to the existing technology or
practice in place, (2) the process of learning about this advantage, (3) the interaction
between individual decision-making and external influences, and (4) characteristics of
potential adopters affecting their attitudes towards the technology.

Regarding the first key finding, we identified the need to understand the potential
benefits of innovation in relation to the existing technology or practice that would be re-
placed. The review of technology-focused models was a good reminder that in agriculture,
it is highly likely that there is already a technology or practice in use delivering benefits to
the landowner. Therefore, any new technology will be a replacement for the existing one,
emphasizing the need to understand better the current technology in order to make a more
accurate measure of the relative advantage of an alternative [1].

We identified models that consider potential benefits explicitly and models in which
potential benefits are only implied. The ADOPT model includes a comprehensive ex-
ploration of relative advantage (profit, environmental and risk advantages, ease and
convenience, etc.), while task-technology fitness models also explicitly link an existing task
with a potential technology as a precursor of adoption. On the other hand, in the TPB
model, beliefs are informed by the “rational” evaluation of outcomes of different options,
implying relative advantage. In Lindner’s model, the trigger for seeking information about
an innovation is caused by a change in farming circumstances, implying a mismatch with
the existing technology or practice.

The second key finding for adoption researchers and modelers to consider was the
role of learning about the relevance of the new technology to the farm. We highlighted how
most adoption conceptual models in agriculture define adoption as an information-driven
staged process, where transitions from one stage to the next in the process depend on the
accumulation of information and the speed to process it (i.e., learning). Examples of models
in this review including learning are the ADOPT model, where the role of farmer networks
and skills, practice awareness, and practice trialability as important elements influencing
the ability of farmers to learn about the relative advantage of technology. Another example
is Abadi Ghadim and Pannell’s [13] model, where skill development and experience play
an important role in making decisions about innovation.

The third key finding relates to the interaction between individual decision-making
and external influences, which also featured as an important element in models included
in the review. It is worth noting the big difference amongst models is the way in which
external influence is considered. In the ADOPT model, the external influence was partially
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captured by including the role of group participation and advisers in learning about
the innovation. However, these elements are more prevalent in models influenced by
the Theory of Planned Behaviour, such as the technology acceptance models and the
satisfaction models included in the review, where variables such as social pressure take a
prominent role.

The final key element found in the review is the inclusion of characteristics of potential
adopters that could affect their attitudes towards technology. A clear example of the
interaction between adopters and technology can be seen in the ADOPT model, in which
relative advantage is represented as a function that matches farmers’ orientations and
the perceived advantages of the innovation. Task-technology fitness models also interact
with adopter’s preferences to calculate fitness as a precursor of adoption. On the other
hand, satisfaction models suggest a clear separation between the relationship between
adopter and technology when assessing the performance of an innovation before and
after adoption, to the point that some authors propose that the expectations on innovation
performance before are used play virtually no role on the perceived quality and value of
the innovation once it is adopted.

We consider that future empirical studies in agricultural adoption could benefit if
adoption researchers and modelers take into account these four key findings. However,
we also recognize that this review only partially achieved the assessment of the suitability
of variables included in the reviewed conceptual models to be used in empirical models.
This review identified that virtually all models used to understand adoption in agriculture
use concepts that are difficult to observe and quantify, resulting in numerical models that
would inevitably reflect the subjective nature of the variables used [69]. This potentially
explains some of the divergences in results observed in the literature. Inconsistencies
in how different elements are treated in different conceptual models were particularly
apparent in behavioral elements such as attitudes, motivations, intentions, and external
influences, but they were not covered in detail in this review. For example, motivations
(i.e., orientations and preferences) can be included in models capturing individual decision-
making (e.g., TPB—normative beliefs), or capturing the preferences of groups of people
(e.g., ADOPT—population’s orientations), or combined in aggregated behavioral indexes
(e.g., Bass model’s coefficients of innovation and imitation).

Finally, we identified four potential areas for further research. Firstly, future research
could include questioning whether the adoption of all technologies and practices can be
represented by the same adoption or learning process. We pointed out how early studies of
adoption were, in many cases, based on the assumption of first purchase or using discrete
technologies (e.g., new crops, tractors, fertilizer) mainly to increase profit. We believe that
as the complexity and diversity of technologies and practices increase, there is a need to
question the adequacy of a “one fits all” process of adoption. Do all technologies follow
the same process of adoption? Do they need to be learned the same way?

Secondly, we believe there is an opportunity to further research the proposition by
Johnson et al. [15] to study the dynamics in the relationship between adopters and a
technology before and after adoption (e.g., attachment, loyalty, etc.). We found that many
conceptual models seem to use a ‘transactional’ viewpoint (i.e., the evaluation of relative
advantage before adoption as a one-off exercise). Johnson et al. propose considering a
‘relational’ viewpoint. In agriculture, this could be useful in researching the role of trialing
in building this relationship, not only between farmers and the innovation, but also with
the companies or institutions selling, servicing, or promoting them, which seem important
external influences for some innovations. Satisfaction concepts could also be used to better
understand the nuances of full, partial, alternating, and opportunistic adoption [8].

Our third suggestion for a potential topic for further research is to question the basic
assumptions behind the process of individual decision-making models. In the reviewed
conceptual models, we found that external influence is often regarded as a subjective norm
(i.e., social pressure) but implying that the final decision about adoption remains an indi-
vidual one. Future research could investigate further this assumption. For example, there
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is an ongoing debate in the modeling literature looking at substituting ‘Homo economicus’
in models of decision-making by a ‘Homo socialis’ alternative (see [70]), but those have not
been fully explored in agricultural adoption.

The final potential area of research is to conduct a detailed assessment of the discrep-
ancies that exist in defining and measuring the different variables presented in the different
conceptual models and how they have been interpreted and used in subsequent empirical
studies.

6. Conclusions

The objective of this review was to clarify the concepts and approaches used in the
practice of modeling the adoption of innovations in agriculture to improve empirical re-
search. We identified four key recommendations that adoption researchers and modelers
could consider in their future research while defining models of adoption. We also identi-
fied some of the pitfalls that should be avoided while modeling adoption and potential
areas for further research.

This review did not present new concepts but structured existing knowledge to
illustrate its diversity and the multifaceted contribution that each approach brings to
understand the complexity of adoption. This review also illustrates the need to balance
this diversity in meaningful syntheses that can assist future research by offering clear
direction on how to consider existing knowledge in a holistic manner. We also recognize
the need for considering the differences in the types of modern technologies and question
some fundamental assumptions still prevalent in empirical studies, such as the “one fits
all” process of adoption, the transactional model, and the individual, rational decision-
making model.
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