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Abstract: This study analyses farmers’ adoption of improved rice technology, taking into account
farmers’ risk preferences; the unobserved spatial heterogeneity associated with farmers’ risk prefer-
ences; farmers’ household and farm characteristics; farm locations, farmers’ access to information,
and their perceptions on the rice improved varieties (i.e., high yield varieties, HYV). The study used
data obtained from field experiments and a survey conducted in 2016 in Nigeria. An instrumental-
variable probit model was estimated to account for potential endogenous farmers’ risk preference in
the adoption decision model. Results show that risk averse (risk avoidant) farmers are less likely
to adopt HYV, with the spatial lags of farmers’ risk attitudes found to be a good instrument for
spatially unobserved variables (e.g., environmental and climatic factors). We conclude that studies
supporting policy action aiming at the diffusion of improved rice varieties need to collect information,
if possible, on farmers’ risk attitudes, local environmental and climatic conditions (e.g., climatic,
topographic, soil quality, pest incidence) in order to ease the design and evaluation of policy actions
on the adoption of improved agricultural technology.

Keywords: agricultural technology; farmer’s technology adoption; endogenous variable; risk atti-
tudes; spatial dependence; risk panel lottery; unobserved heterogeneity

1. Introduction

Agricultural productivity growth may be an important condition to achieve economic
growth and development in developing countries, although the relationship between agri-
cultural productivity and economic growth can be complex [1]. Agricultural productivity
growth may be achieved through farmer’s adoption of improved agricultural technolog-
ical innovation (e.g., high yield variety crops, genetically modified crops), along with a
provision of good extension services, facilitating access to credit and insurance markets
and irrigation facilities. All these may lead not only to yield, income, labour-saving, effi-
ciency, and productivity improvements but also to environmental (e.g., mitigating effects
on climate change) and health benefits [2–4]. However, despite the potential benefits
associated with adopting agricultural technological innovations, relatively low levels of
adoption remain a bane to the development in most developing countries, especially sub-
Saharan Africa (SSA hereafter), where agriculture is a main-stay of the economy. Empirical
evidence suggests that improved agricultural technology has a positive impact on farm
income and poverty reduction in developing countries [5–10]. Agricultural growth has
also been identified as a solution to food insecurity problems in developing countries [11].
Specifically in Nigeria, [12] reported the positive impact of HYV on poverty and welfare
while [13] showed improved cassava varieties positively correlated with asset ownership
but negatively related to asset poverty. Notwithstanding, productivity growth in the rice
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production in Nigeria is constrained by extreme weather conditions such as drought and
floods. These shocks may be mitigated through the adoption of agricultural innovation.

Over the last two decades, many improved rice varieties have been introduced to boast
domestic production in Nigeria. The notable ones in Ogun State include the new rice for
Africa (NERICA), FARO 44, FARO 50, FARO 52, ITA 150, WAB 189, and WITA 4 [14,15]. Al-
though significant yield differences were reported between the adopters and non-adopters
of these improved varieties, the diffusion rates are hanging in balance.

Many attempts have been made to understand the drivers of farmers’ technology
adoption. A major strand of this research has particularly focused on the role that socio-
economic characteristics and institutional factors such as roads, locations, access to credit,
market, and extension services play on farmers adoption of new technologies [16,17],
with limited attention to the psychological and social dynamics such as farmers’ attitudes
toward risk taking [18–21], social networks, and spatial dependences. Recent empirical
finding in Tanzania suggests risk aversion reduced the willingness to pay for improved
hybrid maize seed and fertilizer [22]. Additionally, evidence is abundant on the effects
of social network on the adoption of improved agricultural technological innovation, e.g.
adoption of sickle in rice farming [23], organic farming [24], and conservation tillage [25].
However, previous studies either examined the relationship between risk aversion and
adoption decisions [19,20,26,27] or spatial dependence and adoption decisions [24,25]. We
fill this gap by considering both individual and group attributes as determinants of HYV
adoption decisions.

Farmers often make adoption decisions based on both individual and social attitudes
and views on the subject matter. Such decisions have attracted different modeling ap-
proaches [28,29]. While risk preference or attitude is included as an explanatory variable
by some studies, the potential endogenous nature of risk preference in the adoption model
has never been given the attention it deserves. Therefore, the contribution of this article to
adoption literature is two-fold. First, it tests the hypothesis that risk preferences are endoge-
nous in farmers’ decisions to adopt HYV. Second, it accounts for unobserved heterogeneity
within farmers’ risk attitudes, thereby minimizing estimation caveats related to latent
variables. This is done in line with [30] principle on the role of geographical proximity in
a social network. Thus, social norms, cultural values and neighborhood effects may be
associated with a shared level of climatic variability, which may then create a collective
view on risk taking. Notably, farmers learn improved agricultural innovation from one
another through interpersonal communication and social interaction [31,32]. Such social
learning effects, along with unobserved spatial factors (local climatic and topographic
conditions) often manifest in farmers’ decision making processes.

While spatial dependence is inherent in most observational data, it is often ignored
in analysis, thereby producing biased results and misleading inference [33,34]. We argue
that the farmers’ decisions may be influenced by spatially-dependent risk preferences
or unobserved heterogeneity. Furthermore, accounting for spatial dependency can help
dealing with problems associated with the omission of important variables (e.g., environ-
mental, climatic, topographic, and socio-economic conditions). In particular, receiving
adequate information on the potential benefits of HYV may be an important determinant of
farmers’ acceptance of such technological innovation. Such information may be transmitted
through spatial relationships, especially when farmers living closely rely on their friends
and neighbours for information on improved farm practices [25]. Of particular attention
is that farmers living closely may behave in more similar ways than farmers at distant
locations, which may suggest similar adoption patterns within groups of neighboring
farmers. In addition, farmers may emulate one another due to the influence of common
experiences and space-specific characteristics such as local climate and socio-economic
conditions [35]. Thus, the risk-taking behaviour of farmers and the spatial dependence
associated with it may be a useful tool to understanding the adoption and diffusion of
agricultural innovation in developing countries.
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In order to fill a gap in the adoption literature this study examines the role of spatially-
dependent risk preference in farmers’ decisions to adopt high yielding rice varieties (HYV)
in Nigeria along with the farm and farmers’ specific factors, farmers’ locations, and percep-
tions of technology attributes.

2. Materials & Methods
2.1. Source of Data

The study collected experimental and survey data. Risk attitudes were elicited using
an incentivized risk-elicitation task, the panel lotteries originally proposed by [36], S-GG
hereafter. We built on the original S-GG by introducing an additional three treatments.
Thus, our panel lotteries have four treatments, each with the nomenclature small gain one
(SG1), small gain two (SG2), large gain one (LG1), and large gain two (LG2). Each treatment
has four panels each. Readers are referred to the working paper on the implementation note
on S-GG panel lotteries for the advantages and limitations of this risk elicitation method [37]
et. Applications of the previous version of S-GG panel lotteries can be found in [38–40] Rice
farmers were sampled across 46 different rice growing locations within the 4 agricultural
zones in Ogun State Agricultural Development Programme (OGADEP), Nigeria between
March and May, 2016. Two smart android phones, aided by open data kit (ODK collect)
software were used for data collection. Thus, the geographical information system (GPS)
coordinates were recorded. Notwithstanding the poor or the absence of mobile networks
in most visited villages, the locations of each sampled farmer were manually recorded,
and the record was later used to obtain the coordinates. Three post-graduate students
were employed as research assistants for the data collection. They were trained shortly
before the commencement of the survey on how to use the ODK collect. Moreover, useful
information on the main rice growing locations was collected from the OGADEP office
prior to the survey. On many occasions the extension agents accompanied the researchers
and provided guidance on rice growing locations. Farmers were individually interviewed
at home and farms (homes are generally close to the farms due to the labour intensive
nature of rice production). A total of 329 rice farmers were interviewed but 328 fully
completed the questionnaire.

Detailed about the risk panel lotteries’ payoffs, the experimental procedure as well as
the record sheet used to illustrate the experiment to rice farmers are documented in [41]
The lotteries were presented to farmers using blue and red balls, which respectively explain
the winning probabilities (p) and losing probabilities (1 − p). Record sheets were shown
to farmers to complement the mobile technology used and guide the subjects in making
their choices. The risk experiment was conducted first, followed by questions on the
socio-economic factors. Subjects were presented with task SG1 of the lottery-panel test by
starting from panel 1 to panel 4. Each subject was shown a bag containing 10 blue and red
balls, representing the winning and losing odds for each lottery chosen and implemented
in the experiment.

2.2. Conceptual Framework

Figure 1 shows a conceptual framework for improved rice technology adoption being
developed. Figure 1 shows the elements considered in the modelling process as well as the
data source (experimental data or survey data).

2.3. Empirical Models

Modeling approaches in binary and multivariate dependent variables is usually mo-
tivated by the nature of data and the objective of study. In this regard, adoption and
participation studies have applied two stage models such as Tobit [42–44], Heckman selec-
tion model [45,46], and double hurdle model [28,29]. Other modeling methods included
survival/duration model [26,47], multivariate probit [48], bivariate probit [49], and three-
stage estimation method [50]. Whereas a binary model is an appropriate approach when
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a decision maker faces two technology options, a two-stage procedure is the appropriate
method to control for selection bias.

We tested the hypothesis of endogenous risk preference in adoption decisions. Hence,
an instrumental variable probit (IV probit hereafter) model is applied. Rice farmers with
greater social networks may be well informed yet show positive or negative attitudes
towards adopting HYV. Since such spatially determined conditions are typically unob-
served, we incorporated spatial dependency in the analysis to account for unobserved
heterogeneity in our data. This heterogeneity is defined in a spatial weights matrix.
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2.3.1. Spatial Weights Matrix

The distance between rice farms was estimated from the GPS coordinates. This distance
in kilometres is used in the power weights matrix in line with [35]. This is specified in
Equation (1). Distance power weights matrix has many advantages. First, unlike the binary
contiguity method, neighbours may have different weights. Second, more weights are
attached to the shorter distance, implying the closer the neighbours the more the influence.
Most studies standardized the row of the weights matrix, W for easy interpretation by
first converting the diagonal elements of the weights matrix to zero, then the matrix with
zero diagonal elements is divided by the vector matrix, the sum of each row [23,24]. In
this study, only the diagonal elements of the weights matrix are set to zero to prevent
self-neighbour confounds.

Wij = exp
(
−dij

2/s2
)

, (1)

where dij is the distance between farmers in locations i and j, and s is the cut-off distance
that tests the dependency limit between farmers. The cut-off distances tested include 10 km,
20 km, 30 km, 40 km, and 60 km, after which the spatial effect decreases at a slower pace.

2.3.2. Instrumental Probit Model

We estimated the instrumental variable model using structural equation modelling.
Farmers’ risk preferences may be associated with unobserved heterogeneity such as en-
vironmental, climatic, topographic, and socio-economic conditions. To address this en-
dogenous problem, the spatial lag of the risk preference is incorporated as the instrument
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for latent variables in the adoption model (Equations (2) and (3)). Put differently, the
predicted value of Equation (2) is incorporated into Equation (3), suggesting that the effect
of risk preference is explained in the adoption model by controlling for other important
socio-economic variables. Our model specification is in line with [51].

Y1 = Xα + ρWY1 + ν, (2)

y∗2 = Y1β + Xγ + ε, (3)

where Y1 is a N × 1 index of farmers risk taking (risk avoidance, an endogenous variable
vector). Risk avoidance is introduced and used in this study in place of risk aversion,
because the parameter of the utility function is not estimated, given the nature of our panel
risk lotteries. Willingness to risk taking or risk taking is equally used interchangeably
with risk avoidance as faces of the same coin, because risk preference may be viewed as
the extent to which individuals are willing to take risks. This index is calculated as the
average probability values corresponding to farmers’ choices in each treatment of the lottery
panel task. The probability ranges between 0.1 and 1 with an index of 1 indicating highly
risk avoidance while 0.1 means extreme risk taking. X is a N × K vector of exogenous
explanatory variables in the adoption models including farmer’s characteristics (age,
education, religion); household/farm characteristics (household size, farm size, production
system); agricultural zone where the farm is located; farmer’s access to information via
extension services and friends; farmer’s perception of technological attributes of the rice
improved varieties. The definition and description of variables are depicted in Table 1.
These variables are selected with recourse to the existing literature. WY1 = N × 1, is the
vector of the instrumental variable (spatial lag of farmer’s risk preference). This represents
the weighted average of the farmer’s risk attitudes in the neighbourhood locations. The ρ is
a scalar parameter that determines the correlation between risk taking by a rice farmer and
the adjusted-by-distance mean risk willingness of his neighbours. W is the N × N weights
matrix defined in Equation (1). Lastly, ρWY suggests that the potential utility rice farmers
derived from the risk experiment is related to that derived by his neighbours’. Finally, y∗2 is
a latent variable, which represents farmer’s adoption decisions, y2 takes the value of 1 if
rice farmers adopt HYV, and 0 otherwise.

y2 =

{
0, and y∗2 < 0
1, and y∗2 ≥ 0

. (4)

The error terms are assumed to be jointly and normally distributed, (ε, ν) ∼ N(0, δi)
with the first element of the error matrix normalized to one to identify the model. β is a
N × 1 vector of parameter corresponding to the predicted value of the first stage model. γ
is a vector of structural parameters in the second stage adoption decisions’ model while
α is the vector of the parameters of the first stage risk preference model. A significant
correlation between the disturbance errors of the two models suggests a relationship exists
between adoption and risk preference models. The order condition for the identification of
the structural parameters is that the number of variables in the risk model is greater than
or equal to that of the adoption model. In addition to the spatial lag as the instrumental
variable, other variables in the adoption model were treated as exogenous and instruments
to exactly identify the model. Four different models were estimated for the risk treatments
for comparison, and due to the fact that a single model is not possible because of the spatial
lag factor.
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Table 1. Description of the variables used in the adoption decisions model.

Variables Definition Min Max Mean SD

Adoption 1 if rice farmer grows HYV, 0 otherwise 0.00 1.00 0.09
Age Years 20.00 80.00 47.00 12.50

Education Years of formal schooling 0.00 16.00 4.60 4.50
Religion 1 for Christians, 0 otherwise 0.00 1.00 0.56

Household size Numbers of current household members 1.00 21.00 6.00 3.00
Farm size Size of land cultivated to rice in hectares 0.20 16.00 1.90 1.50

Sex 1 if male, 0 otherwise 0.00 1.00 0.68
Married 1 if married, 0 otherwise 0.00 1.00 0.94
Upland 1 if upland production system, 0 otherwise 0.00 1.00 0.87

High yield Perception of importance of high yield 1.00 5.00 4.20 1.00
Long stem Perception of importance of long stem 1.00 5.00 3.60 1.00

Short duration Perception of importance of short production cycle 1.00 5.00 3.80 1.00
Good tiller Perception of importance of good tiller 1.00 5.00 3.40 1.00

Friends 1 if rice farmers rely on friends and neighbours for
information, 0 otherwise 0.00 1.00 0.68

Extension contact Number of contact with extension agents per year 0.00 7.00 2.30 1.00
Ikenne 1 for Ikenne zone, 0 otherwise 0.00 1.00 0.26
Ilaro 1 for Ilaro zone, 0 otherwise 0.00 1.00 0.19

Ijebu-Ode 1 for Ijebu-Ode zone, 0 otherwise. 0.00 1.00 0.27
Abeokuta Reference zone 0.00 1.00 0.28

SG1 Small gain one probability index 0.10 1.00 0.80 0.15
SG2 Small gain two probability index 0.10 1.00 0.60 0.13
LG1 Large gain one probability index 0.10 1.00 0.70 0.15
LG2 Large gain two probability index 0.10 1.00 0.60 0.16

Note: perception questions are measured on 5 scales ranging from not at all important (1), somewhat important (2), important (3), very
important (4), and extremely important (5). Source: Data Analysis, 2017; Reprinted with permission from Ambali et al 2021

3. Results

Table 1 summarizes the descriptive statistics of the variables considered in the adop-
tion model. The adoption rate is 9%, indicating low adoption of HYV. The average age of
the rice farmers is 47 years. The majority of sampled farmers have less than primary school
education (5 years of schooling), are Christians (56%), with an average of 6 members in
the household. On average, farmers cultivated 1.90 hectares of land, which ascertains the
small-scale nature of the rice production business.

In addition, most sampled farmers are male (68%), married (94%), and engaged in
upland rice production system (87%). Furthermore, the majority of the sampled farmers
perceived high yield, long stem, shorter growing cycle, and good tiller to be very important
when considering the adoption of HYV. On the factors related to the access to information,
68% of the sampled rice farmers relied on their friends and relatives (neighbours) on
information about improved agricultural technology. The average number of contacts
with an extension agent per year is 2. The proportion of sampling across the 4 OGADEP
zones includes Ikenne (26%), Ilaro (19%), Ijebu-Ode (27%), and Abeokuta (28%). Lastly, the
average values for the risk attitudes were estimated to be approximately 0.80, 0.60, 0.70
and 0.60 for SG1, SG2, LG1, and LG2, respectively.

The results corresponding to the limit of spatial dependence (60 km) are presented in
Table 2. The hypothesis of endogenous risk preferences is accepted. Significant correlation
between the standard errors of the risk and adoption models confirms the dependency
nature of the models. Thus, the models are better estimated in two stages.
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Table 2. Effect of risk preference on adoption decisions.

Variables SG1 SG2 LG1 LG2

Risk Preference

Risk avoidance −7.6850 ***
(0.6742)

−8.3689 ***
(0.6266)

−7.9113 ***
(0.5321)

−9.0092 ***
(0.6605)

Farmers Specific Factors

Age −0.0015
(0.0096)

−0.0059
(0.0065)

−0.0076
(0.0072)

−0.0001
(0.0072)

Education 0.0617
(0.0432)

0.0167
(0.0328)

0.0204
(0.0292)

0.0389
(0.0277)

Christian −0.0746
(0.1685)

0.0159
(0.1477)

−0.4742 ***
(0.1468)

0.0152
(0.1568)

Household size −0.0215
(0.0378)

0.0013
(0.0303)

−0.0098
(0.0308)

−0.0253
(0.0396)

Farm size 0.0154
(0.0854)

0.0537
(0.0649)

−0.0317
(0.0560)

0.0527
(0.0702)

Male −0.7156 *
(0.3951)

−0.4016
(0.2916)

−0.4286 *
(0.2588)

−0.4332
(0.2734)

Married 0.1114
(0.4254)

−0.0237
(0.3691)

0.3880
(0.4050)

0.1929
(0.3540)

Upland rice 0.0700
(0.2838)

0.2017
(0.2531)

−0.1145
(0.3192)

0.0170
(0.3305)

Agricultural Zones

Ikenne −0.6433
(0.8489)

−0.5309
(0.7992)

−0.3852
(0.6478)

−0.6016
(0.6505)

Ijebu-Ode −0.0702
(0.5618)

−0.3789
(0.4570)

−0.2292
(0.3383)

−0.6240 **
(0.2923)

Ilaro 0.9992 ***
(0.2994)

0.6164 ***
(0.2256)

1.0188 ***
(0.2461)

1.7128 ***
(0.2237)

Access to information

Extension contact 0.0360
(0.0277)

−0.0098
(0.0244)

0.0593 ***
(0.0221)

0.0265
(0.0249)

Friends −0.2479
(0.2298)

−0.2209
(0.1869)

0.1403
(0.1752)

0.2188
(0.1805)

Perceptions about Technology attributes

High yield 0.3092 ***
(0.1119)

0.1341
(0.0973)

0.2633 **
(0.1095)

0.0714
(0.1056)

Long stem −0.1595
(0.1562)

−0.1697
(0.1213)

−0.1347
(0.1230)

0.0572
(0.1211)

Short duration −0.4060
(0.2685)

−0.2981
(0.2051)

−0.2999 *
(0.1571)

−0.5558 ***
(0.1564)

Good tiller −0.3940 *
(0.2315)

−0.2468
(0.1832)

−0.2823 *
(0.1510)

−0.3040 **
(0.1497)

Constant 6.7752 ***
(1.8807)

6.5916 ***
(1.6713)

6.5119 ***
(1.4339)

6.0872 ***
(1.5361)

Tests of Correlation of Errors
Corr. (SE2 and SE1) 0.9626 *** 0.9877 ** 0.9878 *** 0.9922 ***

Sigma (SE1) 0.1275 *** 0.1219 *** 0.1313 *** 0.1281 ***

Diagnostic statistics: SG1: Wald test of exogeneity (correlation = 0): Chi squares (1) = 10.60, Prob > chi2 = 0.0011. Wald Chi2 (18) = 219.59,
Prob > chi2 = 0.000. SG2: Wald test of exogeneity (correlation = 0): Chi squares (1) = 12.00, Prob > chi2 = 0.0003, Wald Chi2 (18) = 258.41,
Prob > chi2 = 0.0000. LG1: Wald test of exogeneity (correlation = 0): Chi squares (1) = 18.60, Prob > chi2 = 0.0000. Wald Chi2 (18) = 375.74,
Prob > chi2 = 0.0000. LG2: Wald test of exogeneity (correlation = 0): Chi squares (1) = 21.42, Prob > chi2 = 0.0000. Wald Chi2 (18) = 386.02,
Prob > Chi2 = 0.0000. Note: SE2 = standard error of the adoption model, SE1 = standard error of the risk model, Sigma = standard error
of risk model, SE = Standard Error Figures in the parentheses are the SE. *, **, *** implies coefficients are significant at 10%, 5%, and 1%,
respectively. Number of Observations (N = 328). Source: Data Analysis, 2017.

Four models were estimated with respect to the four risk treatments, since the in-
clusion of the spatial lag prevents pooled estimations. The results (Table 2) reveal that
risk avoidance (aversion) decreases the propensity to adopt HYV according to all the four
models estimated (SG1, SG2, LG1, and LG2). These results generally support the relation-
ship between real-life decisions (adoption and experimental risk-taking attitude). On one
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hand, they agree with the previously expressed views on neighborhood influence in the
adoption decision making processes [23,24]. On the other hand, they affirm the negative
effects of risk aversion in the adoption of improved agricultural technology [19–21,23].
Additionally, [52], using an instrumental variable approach, found a negative relationship
between risk aversion and adoption of new technologies for the case of Chinese broiler
growers while [53] used laboratory experiments in a South African setting to find that risk
averse individuals are less likely to adopt new technologies. Overall, our results affirm the
importance of spatially-dependent risk preference in the adoption of HYV (i.e., the need
to account for unobserved spatial heterogeneity in farmers’ risk preferences). As shown
in [41] for rice farmers in Nigeria, farmers’ risk preferences are associated with unobserved
spatial heterogeneity (e.g., soil, topographic, farmers emulating each other).

As shown in Table 2, Christians are less likely to adopt HYV compared to the prac-
titioners of other religions for large gain lotteries (LG1). This may align with previously
expressed views that religious farmers are risk averse [26,54]. Although it is difficult to
know the level of belief of individual farmers, a religious group is an important policy
variable in Nigeria. Results revealed that the probability of adopting HYV is relatively
lower for males compared to females. This result is contrary to most previous positions
that males are risk takers.

The results revealed that rice farmers located in Ikenne and Ijebu-Ode agricultural
zones were less likely to adopt HYV while farmers living in Ilaro agricultural zone were
more likely to adopt HYV compared to farmers living in Abeokuta zone (base category).
Variability in climatic environment is one possibility for this pattern of behaviour. Thus, the
results underscore the importance of climatic condition as well as geographical locations in
adoption decision processes.

As shown in Table 2, access to extension services had positive and significant effect on
the adoption of HYV for large gain lotteries (LG1). This is consistent with previous findings,
which reported a positive and significant effect of extension contact on the adoption of
improved agricultural technology [55–57]. Extension agents are meant to inform farmers
on improved farm practices yet low extension to farmer ratio in most developing countries
explains the limitation of extension services and fulfillment of extension as an institution.

The characteristics of improved rice varieties such as high yield, long stem, and short
duration have been previously reported as one of the key factors influencing farmers’
adoption decisions. With the exception of high yield, the results indicate that rice farmers
who highly ranked HYV attributes such as shorter growing cycle (LG1 and LG2) and
good tiller (SG1, LG1 and LG2) were less likely to adopt HYV. This result is contrary
to expectations.

4. Discussion

Farmers who are strongly unwilling to take risky decisions were less likely to adopt
HYV relative to those with strong willingness to risk taking. It is expected that a highly
risky technology should offer higher yield and income advantages to farmers but aversion
to risk may reduce the propensity of adopting such technological innovation. Furthermore,
risk loving farmers are likely to be early adopters or allocate a larger proportion of their
farm size to improved farm technologies while those who avoid risk are likely to lag
behind [26]. Nonetheless, acceptance of innovation by farmers is not a direct, but a complex
process. Farmer’s risk preferences have been identified as one of such factors along with
the spatial conditions that may determine those preferences, for example, soil type/quality,
and emulating other farmers [41]. The farmers’ own risk preferences and how these are
shaped by spatial conditions lead to farm management decisions that may have important
economic implications. For instance, when a new technology is offered, farmers who
are risk averse may become lagged farmers who may lose the opportunity of earning a
relatively high income from using the novel technology instead of the traditional technology.
However, farmers’ own risk preferences are moderated by the spatial conditions. Thus,
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farmers may base their decisions on the proven high-yield that resulted from the adoption
of innovation by other farmers.

In other words, the results suggest farmers’ technology adoption decisions may not
only be influenced by their risk preferences but also by their neighbours’ risk preferences,
social networks, soil characteristics, climatic conditions, cultural values, and other envi-
ronmental factors. Farmers living very closely may be more likely to interact with one
another compared to distant ones. Such interaction effects may manifest in farmers’ adop-
tion decisions and risk preference patterns [41]. Hence, social interaction can be used to
accelerate the diffusion of agricultural technology especially in rural areas where farmers
share common values, culture, and norms. Social network or spatially determined con-
ditions are bonding power in rural communities. Rural dwellers have full information
about their neighbours in terms of wealth, family, and other individual attributes. Such
information suggests they may take similar decisions with respect to economic activi-
ties including production and consumption activities as well as insurance and other risk
mitigating process.

Since religion relates to belief, it may affect individuals’ perceptions as well as resource
allocation or production and investment decisions [41]. Accordingly, Ambali et al. [41]
found heterogeneity of farmers’ risk attitudes across religions. This result provides in-
formation on the risk-taking patterns inherent in the norms, values, and politics. The
gender results agree with [58], although contrary to most previously expressed views.
Many reasons may be adduced to the finding. First, male farmers may be contented with
the income earned from rice production since they cultivate more lands than their female
counterparts, in agreement with past research findings that wealthy individuals are less
averse to risk taking [26,41,54,59,60]. Second, it could be linked to the peculiarity of the
labour-intensive nature of rice production enterprise. Third, female headed households
may be under financial pressure. This may drive innovativeness and thus willingness
to undertake new investment compared to their male counterparts. Lastly, males may
be cautious of losing the ‘sure’ output or yield from the traditional varieties than their
female counterparts, given their responsibility in the household. Therefore, the desire to
increase farm income by female farmers may constitute a push factor for the adoption of
risky investment.

Farmers living in the drier Ilaro zone had higher propensity to adopt HYV due largely
to the stress-tolerance and drought resistant nature of HYV. As shown in the significant
coefficients, the propensity to adopt HYV is higher for Ilaro, Abeokuta, Ikenne, and Ijebu-
Ode zones, respectively. The finding also revealed that farmers residing in the low rainfall
zone tended to accept HYV because of its suitability for their climate. Indeed, those in
the low land areas (Ijebu-Ode zone) were least likely to adopt HYV. Overall, geographical
proximity explained the observed adoption patterns among farmers. Access to information
and infrastructure is another reason farmers may behave heterogeneously across locations.
In line with [61], rice farmers living in the rural agricultural zones or remote areas may
have less access to information compared to urban dwellers. Rural areas generally lack
access to infrastructural facilities such as accessible roads and schools, which limit access
to information. This is in agreement with previous findings that farmers in rural areas are
resource poor and risk averse [59,60]. In summary, access to information may influence the
decisions to adopt or otherwise.

Another important institutional variable that significantly explained rice farmers’ HYV
adoption decisions is access to extension service. Farmers often rely on the information
provided by extension agents to make informed farm production and investment decisions.
However, low extension service is one of the major challenges confronting farmers in
developing countries. This limits access to information and subsequently investment in
improved agricultural innovation.

The result on the technology attribute is plausible although it is contrary to previ-
ous findings [62,63]. One main reason for this result is the fact that even though these
attributes were perceived important, a sizeable proportion of rice farmers did not grow
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HYV partly because of high preference for a local delicacy, OFADA rice. However, rice
farmers perceived high yield as an important attribute in their choice of HYV as shown in
the coefficient of this variable. It could be argued that among the various attributes, yield is
perceived most important, which is not surprising since higher yield implies more income.
Again, most agricultural technologies are developed central to producing more output
per hectare of land to appeal to farmers’ judgment and acceptance. It can therefore be
submitted that farmers attached more importance to high yield relative to other attributes
due largely to the desire to obtaining higher yield and subsequently more income without
increasing farmland.

5. Conclusions

Socio-economic, cultural, geological, ecological, and climatic characteristics may de-
termine farmer’s management decisions such as the adoption of a new technology along
with farmers’ own perceptions of risk and the perceptions of risk of their neighbours. All
these aspects may extend beyond political boundaries, suggesting that policies aiming at
achieving agricultural productivity growth (e.g., through the adoption of new technologies)
may need to consider these spatial aspects and be implemented not necessarily at the policy
boundary level. This may imply relatively higher costs in implementing the policy but also
a higher success, and considerations need to be taken on a case-by-case basis.

Evidence of spatial dependency in risk taking suggests that some unobservable factors
within farmers’ locations may constitute a driving force for risky decisions such as HYV
adoption. Identifying such factors (which may include climatic and environmental vari-
ables) will aid policy at ensuring the acceptance of agricultural technological innovation.

It is worth noting some policy relevant issues we found in this research. We found an
association between farmer’s risk preferences and farmer’s neighbour’s risk preferences,
which may indicate a mix between social learning effects and local conditions that moderate
farmers’ risk preferences. Hence, identifying locations where adoption is likely (unlikely to
occur) through understanding farmers’ risk preferences is important for policy action. It
follows that interpersonal communication and social interaction could be used as effective
tool for the diffusion of agricultural innovation especially in the rural areas, in particular
where there may be a lack of educational and other important infrastructural facilities such
as accessible roads. We found that local conditions matter in farmer’s management deci-
sions such as farmers’ adoption of new technologies. Thus, identifying key local conditions
that may ease or make farmer’s adoption of new technologies difficult is crucial to evaluate
policy actions aiming to encourage farmers to adopt a new agriculture technology. For
instance, farmers located in the low rainfall zone are more willing to take risky adoption
decisions relative to those residing in the urban agricultural zone. This suggests that there
may be less need for policy support (e.g., provision of information on the advantages of
new technologies, provision of infrastructural facilities such as accessible roads to facilitate
share of information) in this zone relative to others. It may also be the case that there are
locations where the new technology may not be suitable due to local conditions. In this
case farmers should not be encouraged to adopt the technology.

Local conditions were found to be crucial and deserve specific attention. Therefore,
the availability and use of specific information (i.e., data), beyond the usual information
collected in surveys (e.g., farmer’s socio-demographic characteristics such as age, gender,
education), such as farmer’s and farmers neighbour’s risk attitudes, climatic variables (e.g.,
rainfall, temperature, humidity), environmental variables (e.g., soil quality, altitude, pest
incidence, infrastructure quality), and neighbours’ willingness to adopt new technology is
key to specifically account for these usually unobserved factors in agricultural technology
adoption models, and to inform policy makers on what specific aspects need to be taken
into consideration when designing and implementing a policy (e.g., encouraging farmers
to adopt a new technology). Although we acknowlede that not accounting for these specific
aspects may be a limitation of this research (i.e., we are not able to establish how specific
spatial heterogeneities are associated with farmer’s risk preferences), the use of spatial
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econometric techniques enabled us to, at least, control for these aspects in the adoption
model used through farmers’ neighbours risk preferences. Further research should focus on
the identification of the unobservable factors that influence the farmers’ decision-making
processes. For this, future research in agricultural technology adoption should obtain and
use information on these spatially determined aspects while using spatial econometric
techniques to account for spatially unobserved heterogeneity.
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