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Abstract: While climate change threatens global food security, health, and nutrition outcomes, Africa
is more vulnerable because its economies largely depend on rain-fed agriculture. Thus, there is need
for agricultural producers in Africa to employ robust adaptive measures that withstand the risks of
climate change. However, the success of adaptation measures to climate change primarily depends
on the communities’ knowledge or awareness of climate change and its risks. Nonetheless, existing
empirical research is still limited to illuminate farmers’ awareness of the climate change problem.
This study employs a Bayesian hierarchical logistic model, estimated using Hamiltonian Monte Carlo
(HMC) methods, to empirically determine drivers of smallholder farmers’ awareness of climate
change and its risks to agriculture in Zambia. The results suggest that on average, 77% of farmers in
Zambia are aware of climate change and its risks to agriculture. We find socio-demographics, climate
change information sources, climate change adaptive factors, and climate change impact-related
shocks as predictors of the expression of climate change awareness. We suggest that farmers should be
given all the necessary information about climate change and its risks to agriculture. Most importantly,
the drivers identified can assist policymakers to provide the effective extension and advisory services
that would enhance the understanding of climate change among farmers in synergy with appropriate
farm-level climate-smart agricultural practices.

Keywords: climate change; climate change awareness; Hamiltonian Monte Carlo; climate-smart
technologies; Zambia

1. Introduction

Recent studies have shown that climate change is a reality and threatens global food security,
health, and nutrition outcomes [1–4]. However, despite being a global problem, the impacts of climate
change are not equally felt across countries. Bounoua [5] contends that while climate change affects the
whole world, Africa is more vulnerable because its economies are largely dependent on agriculture.
The agriculture industry employs 65% of Africa’s labor force, accounting for 32% of the continent’s
overall Gross Domestic Product (GDP) [5]. Thus, to ensure that agricultural production systems are
sufficiently resilient to climate change, there is need for agricultural producers in Africa to employ
robust adaptive measures that would withstand the risks of climate change.

However, successful adaptation to climate change may have to depend on farmers’ knowledge
or perception of the marvel. Ubisi et al. [6] suggest that the success of climate change adaptation
strategies depends on whether farmers fully understand what climate change is, and are therefore
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able to consider the necessary adaptive initiatives. Similarly, [7] argue that understanding people’s
perception of climate change is a necessary prerequisite for conveying climate change mitigation and
adaptation policies. However, empirical research that exists in developing countries is too little to
illuminate farmers’ awareness of the phenomenon, and how they would want to build resilience of
their production systems [8].

Zambia, like many other developing countries, has more than 90% of smallholder agriculture that
is rain-fed [9] and this exacerbates farmers’ exposure to climate change. Similar to Latin America [10],
studies that focus on farmers’ perceptions of climate change and its consequences on agriculture in
Zambia are few, even though some descriptive and communicative work exists. Nyanga et al. [11]
examines smallholder farmers’ perceptions of climate change and conservation agriculture in Zambia.
These authors provide useful insights about what smallholder farmers consider as the causes of
climate change. They find low adoption of conservation agriculture as one of the mitigation strategies.
However, their research is more descriptive and does not examine what affects people’s accounts of
climate variation econometrically—thereby potentially leaving other important variables that would
affect farmers’ perceptions of climate change unaccounted for. While [11] is insightful, descriptive
analyses only simplify concepts and are always subject to some loss of nuance or detail [12].

On the other hand, [13] use linear regression models to assess smallholder farmers’ perceptions of
climate change in Zambia. They document the perceived impacts of climate change on agricultural
households in addition to the main adaptation technologies that farmers employ. Mulenga et al. [13]
attribute improper choices of strategies directed at addressing rainfall variability and rising temperatures
to some inconsistencies they find between meteorological data and farmers’ perceptions of climate
change. However, the study by [13] also does not analyze determinants of smallholder farmers’
awareness of climate change and its risk to agriculture in Zambia. Actually, [13] recommend future
studies to examine factors that drive smallholder farmers’ perceptions or awareness of climate
change as well as how they could be used to develop and promote relevant adaptation strategies to
smallholder farmers.

Climate change is generally characterized by changes in the distribution of rainfall and extreme
average temperatures [14], which may last for an extended period, such as decades or much longer. An
increase in dry spells during normal rainy seasons aggravates the climate change crisis. Taken together,
it follows that there is a growing body of research investigating the impacts of climate change adaptation
strategies in Zambia and across sub-Saharan Africa (SSA). Examples of such studies include [15–26].
However, the limited capacity of smallholder farmers to adapt to climate change in Zambia [4,25]
in part contributes to the low adoption rates of climate change adaptation measures [19,21]. This
makes smallholder agricultural production more vulnerable to climate change impacts. As pointed
out by [4], since temperatures are projected to rise further, either way, farmers will have to adapt
to climate change, regardless of whether agriculture is irrigated or rain-fed. The African continent
is projected to experience at least 1 to 2 ◦C rising temperatures by 2050 [4,13,27]. Thus, to promote
increased adaptation to climate change, there is need to provide empirical references for designing
climate change policies, as well as advancing public cognizance. Mekonnen et al. [28] recommend the
need to conduct research to incorporate the perception and indigenous knowledge of local smallholder
farmers in order to come up with lasting solutions to the challenges of climate change.

Selected studies outside Zambia that have examined farmers’ perceptions or awareness of climate
change include [7,10,29–35]. Studies by [10,29–32,34] find that socio-economic variables, production
systems and social capital affect farmers’ awareness of climate change. Roco et al. [10] find that age,
education, land tenure, access to weather information, and location within Chile affect climate change
awareness, while [35] indicate that education, farmer experience, and access to extensions services have
a positive effect on climate change awareness in South Africa. Similarly, [29] find a negative relationship
between climate change awareness and age of respondents in nine U.S. states. Additionally, [32] find
that Argentinian farmers that have access to extension programs are more likely to be aware of climate
change than otherwise. A study by [36] finds that the level of education, farm size, family size, family
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income, training received, and farming experience are significant determinants of climate change
awareness in Bangladesh.

In terms of gender, a study by [37] about rancher and farmer perceptions of climate change in
Nevada, USA indicates that that women are more concerned about environmental issues such as
climate change than men, because such issues threaten their families and communities. A study on
risk perception of climate change in North Carolina by [38] suggests that men have less perception of
climate change risks than females. Additionally, [7] find that the level of education, gender, household
size, and the number of people affected by natural disasters affect climate change awareness among
Chinese residents, while [35] indicates that farmers that have access to water for irrigation purposes are
not likely to perceive any changes in climate, whether it is in terms of rainfall or temperature patterns.
As argued by [10,39], human perception and/or awareness of climate change is a complex issue that is
strongly affected by expectations that may be weakly correlated with the true nature of climate.

Moreover, despite a growing body of research modeling the impacts of climate change adaptation
technologies on various household outcomes, there is a dearth of empirical research that examines
drivers of climate change awareness among smallholder farmers in developing countries. As argued
by [10], public understanding of climate change has been explored more in developed countries than
in developing countries, and Zambia is no exception. Thus, the objectives of this study are (1) to
determine smallholder farmers’ awareness of climate change and its risks to agriculture in Zambia, and
(2) to determine drivers of smallholder farmers’ awareness of climate change and its risk to agriculture
in Zambia. Our findings could be useful for effective targeting of climate change policy and promotion
of the necessary mitigation strategies in Zambia and other countries.

2. Materials and Methods

2.1. Study Area and Data Sources

The data used in this study were collected in 2013 under the University of Zambia (UNZA) and
Indaba Agricultural Policy Research Institute (IAPRI) Climate Change Land Use project. The sample
was demographically and agro-ecologically representative and consisted of 1,231 farm households. The
households selected were part of the previous survey titled the Rural Agricultural Livelihood Survey
(RALS), that was conducted in 2012 [40] by the Zambia Central Statistical Office (CSO) and IAPRI.
Due to the fact that the sample was part of RALS 2012, it is noteworthy to mention how sampling of
RALS 2012 was done. The sampling frame guiding RALS 2012 survey was based on the 2010 Census
of Housing and Population. With regards to sampling, a stratified two-stage design was employed,
where the initial stage involved identification of Primary Sampling Units (PSUs). A PSU is defined as
at least one Standard Enumeration Area (SEA) comprising a minimum of 30 agricultural households.
The SEA is the smallest area with well-defined boundaries identified on census sketch maps. In the
second stage, all the farm households in selected SEAs were recorded with the respective identified
agricultural households. The listed farm households were then stratified into three classes, namely: A,
B, and C, based on total area allocated to crops; special crops; numbers of cattle, goats, and chickens
raised; and sources of income. To select at least 20 farm households distributed across the three strata
in each SEA, systematic sampling was used [41]. While the total sample size for the 2013 survey in this
study was 1,231, we used 1,227 observations because of the nonresponse/missing values.

The 2013 survey was conducted in 6 districts from Zambia’s three agro-ecological regions
(AER) [42]. The districts included Choma, Mpika, Nyimba, Petauke, Serenje, and Sinazongwe. Choma
and Sinazongwe are from AER I, while Nyimba, Petauke, and Serenje belong to AER II. Mpika
district is located in AER III. Figure 1 shows locations of the districts within Zambia where the data
were collected.

A full description of the variables used in the analysis is presented in Table 1. The variables
considered were selected based on a review of previous theoretical and empirical climate change
related studies [10,15,36,43–48]. The response variable is the expression of awareness of climate change
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and its risks to agriculture (alias climate change awareness), which equals 1 if the respondent replied
“Yes” to the question: “Are you aware of climate change and its consequences on agriculture?”, and
0 otherwise (Measuring the awareness of climate change is not problem-free. Thus, throughout
the article, we use ‘awareness of climate change’ and ‘expression of awareness of climate change’
interchangeably, where necessary). This question asked respondents to express their awareness of
the climate change phenomenon. Similar to most questionnaire surveys, some respondents for this
study perhaps answered the question based on their limited knowledge about the phenomenon. As
in most climate change observational studies (e.g., [6,7,10,11,36,47]), the perception or awareness of
climate change is solicited based on recall methods and experience, which are subject to inaccuracy
from respondents. As argued by [13], memory can be faulty. However, the expression of awareness
of climate change captured in this study is credible, as can be observed by the positive effects of
common climate change impact–related shocks, which suggests that our dependent variable is robust
to such shortcomings.Agronomy 2020, 10, x FOR PEER REVIEW 4 of 25 
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Predictor variables are presented underneath the response variable in Table 1. We categorized
predictor variables into socio-demographic characteristics, climate change information sources, climate
change adaptive factors, and climate change impact-related shocks. The socio-demographics include
individual-level farmer or household characteristics that may play a role on climate change awareness.
Following [10,29,30,34], we hypothesize that socio-demographic characteristics such as gender, age of
the household head, household size, education levels, and access to credit positively affect climate
change awareness among farmers. Additionally, since access to information is critical at influencing
people’s perceptions of climate change [32,34], we included climate change information sources
that include ownership of television, radio, access to conservation agriculture advice, and access
to extension services. Our hypotheses are that information sources positively affect climate change
awareness among smallholder farm households, because it is through such sources that climate change
information may be conveyed by relevant institutions.



Agronomy 2020, 10, 376 5 of 22

Table 1. Definition of variables.

Variable Name Variable Description

Dependent variable

Awareness of climate change and its risk to agriculture Household head expresses awareness of climate change and its risks on
agricultural production; equals 1 if yes, 0 otherwise

Predictor variables
Socio-demographic characteristics
Gender Gender of household head; equals 1 if male, 0 if female
Age of household head Age of household head in years
Household size Number of members in a household
No education Household head received no formal education. Equals 1 if yes, 0 otherwise
Basic education Household head’s highest level of education is 9th grade
High school education Household head’s highest level of education is high school
College education Household head’s highest level of education is college education
Access to farm credit Household has access to farm credit; equals 1 if yes, 0 otherwise
Climate change information sources
Radio Household owns a radio; equals 1 if yes, 0 otherwise
Television Household owns a television; equals 1 if yes, 0 otherwise

Conservation agriculture advice Household received conservation agriculture advice; equals 1 if yes, 0
otherwise

Extension services Household has access to extension services; equals 1 if yes, 0 otherwise
Climate change adaptive factors
Planting in basins Household plants in basins; equals 1 if yes, 0 otherwise
Animal manure Household applies animal manure of their farm; equals 1 if yes, 0 otherwise
Fundikila Household practices fundikila; equals 1 if yes, 0 otherwise
Agroforestry Household practices agroforestry; equals 1 if yes, 0 otherwise
Changing planting dates Household change planting dates; equals 1 if yes, 0 otherwise
Changing crop varieties Household changes seed varieties; equals 1 if yes, 0 otherwise
Crop diversification Household adopts crop diversification; equals 1 if yes, 0 otherwise
Ownership of water wells Household owns water wells; equals 1 if yes, 0 otherwise
Ownership of boreholes Household owns boreholes; equals 1 if yes, 0 otherwise
Ownership of water pumps Household owns water pumps; equals 1 if yes, 0 otherwise
Number of pipes Number of water pipes owned by the household
Number of solar panels Number of solar panels owned by the household,
Number of rippers Number of rippers owned by the household
Climate change impact-related shocks

Increased irrigation reliance Household has increased reliance on crop irrigation; equals 1 if yes, 0
otherwise

Reduced food consumption Household reduced food consumption; equals to 1 if yes, 0 otherwise
Floods Area is experiencing floods; equals 1 if yes, 0 otherwise
Frost Area is experiencing frost; equals 1 if yes, 0 otherwise
Heat wave Area is experiencing heat waves; equals 1 if yes, 0 otherwise
Districts
Choma Household is located in Choma; equals 1 if yes, 0 otherwise
Mpika Household is located in Mpika; equals 1 if yes, 0 otherwise
Nyimba Household is located in Nyimba; equals 1 if yes, 0 otherwise
Petauke Household is located in Petauke; equals 1 if yes, 0 otherwise
Serenje Household is located in Serenje; equals 1 if yes, 0 otherwise
Sinazongwe Household is located in Sinazongwe; equals 1 if yes, 0 otherwise

Following a review of literature on climate change [10,29,30,34,36,45–48], our expectation is that
the expression of climate change awareness and climate change adaptive measures have a positive
relationship between them. Thus, as shown in Table 1, we considered a variety of adaptive factors that
we hypothesize to affect expression of awareness of change among farmers. The adaptive practices
considered in this paper include planting in basins (where seeds are planted in potholes that are dug
about 15–30 cm deep, in order to hold soil moisture for crop seeds [42,49], use of animal manure,
fundikila (Zambian local name for grass-mound system of cultivation mostly practiced in northern
Zambia [50]), agroforestry (planting of leguminous trees [26], changing planting dates, and changing
crop varieties [18]. Others include ownership of water wells, boreholes, water pumps, number of
pipes, solar panels, and rippers. Rippers are agricultural machinery used to generate rip-lines where
seeds are planted, a practice called ripping. Ripping is part of minimum tillage and involves farmers
planting in rip-lines. According to [42,49], ripping harvests water during years of sporadic rainfall and
facilitates precise application of fertilizer and other inputs besides plants, thereby facilitating plant
growth and development.

We also include climate change impact-related factors. These are a group of variables that represent
one’s experience of climate change-related impacts. They include increased reliance on irrigated
agriculture, reduced food consumption, experience of droughts, floods, frost, heat wave, and extreme
heat. As argued by [10,32,51], awareness of a phenomenon can be influenced by past experience of
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events related to such a phenomenon. Thus, we hypothesize that farmers that experienced climate
change impact-related shocks would be more aware of climate change than those without.

Descriptive statistics of all the variables used in the estimation according to district are shown in
Table A1 in the Appendix A. In terms of age and gender, country statistics indicate that on average,
39% of respondents were 46-year-olds, while 80% of the households were male-headed. Regarding
observations from each district, Petauke had the most observations in the sample—contributing about
25%, while Sinazongwe district contributed the least (about 10%) of the sample. These statistics appear
in the last row of Table A1.

2.2. Conceptual Framework

In a logistic regression model, the response variable yik is assumed to follow a Bernoulli distribution,
y ∼ Bin(1, θ). Thus

yik = θik + εik, (1)

where i = 1, . . . , Nk represents the individual-level indicator, k = 1, . . . , K group of interest-level
indicator, θik is the probability of success for individual i from group k, and εik are individual-level
stochastic errors assumed to be independent and with mean zero and Var(εik) = θik(1− θik). The
success probability depends on the effects of predictor variables in x, where x denotes a vector of
predictors. The logit-link function can be written as

logit(θik) = log
(

θik
1− θik

)
= α+ x′ikβ (2)

where α and β are parameters to be estimated, x′ik are predictor variables, and θik is as defined previously.
Solving for θik in Equation (2) yields

θik(x; β) =
1

1 + e−(α+x′ikβ)
(3)

where variables in Equation (3) are as previously defined. Greene [52] contends that because of its
mathematical convenience relative to the probit model, the logistic model is a more widely applied
binary response model in empirical research. In terms of estimation, maximum likelihood is usually
used to obtain parameter estimates especially that the logit model predicts probabilities instead of
classes [53]. Assuming data in x and observed class yik exist, the probability of the classification
variable is either θik if y = 1, or 1− θik if y takes zero values, which results in the likelihood function
shown in Equation (4)

p
(
yik

∣∣∣α, β, σ2
ε

)
=

n∏
i=1

θik(x)
y(1− θik(x))

(1−y), y = 0, 1 (4)

Under the frequentist approach, one would have to maximize the log likelihood function of
Equation (4) over the given sample to estimate α and β. Our data are from different districts in Zambia
that fall in different agro-ecological regions facing heterogeneous environmental conditions [54] that
could in part affect farmers’ experience of climate-related shocks that they might be exposed to.
This implies that smallholder farmers in the same district and henceforth, agro-ecological region,
may have similar levels of awareness of climate change and its risks on agricultural production, but
dissimilar to those in other agro-ecological regions. A Bayesian hierarchical model accounting for
such district-variation is a natural way to control such a structure. Thus, this study employs Bayesian
hierarchical techniques as its estimation methods.

Bayesian econometrics requires one to estimate posterior distributions of model parameters from
their prior distributions and data. Following [53,55,56], posterior distributions make it possible to
generate robust informative statements about the results using Bayesian credible intervals. Bayesian
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credible intervals are equivalent to confidence intervals in classical inference. Advocates of Bayesian
inference postulate that frequentists draw their conclusions directly from the data. Frequentists
interpret a 95% confidence interval as one that would include 95% of the parameter estimates, if the
data generating process recurred a large number of independent times [57,58]. In contrast, instead
of repeating experiments for such a huge number of times, the Bayesian approach combines prior
information and the data. It replaces confidence intervals with credible intervals that are interpreted
as the probability of a parameter estimate lying in a range of values given the data [57]. This is a
more intuitive interpretation, notwithstanding the scarcity of the data [37]. Specifically, we use a
Bayesian hierarchical logistic regression to model farmers’ awareness of climate change and its risks
to agriculture.

The modeling approach proceeds as follows. Given a vector of parameters as ϑ = [α, β]′, where
α and β are model parameters to be estimated, the likelihood function in Equation (4) can be used in
combination with prior distributions (i.e., p(ϑ)) for parameters in ϑ via Bayes’ rule, to obtain respective
parameters’ posterior distributions. The posterior density of ϑ

p(ϑ
∣∣∣yik) ∝ p(yik

∣∣∣ϑ)p(ϑ) (5)

where p(ϑ
∣∣∣yik) represents the posterior densities of model parameters, p(yik

∣∣∣ϑ) is the likelihood function
in Equation (4), (notice that σ2

ε is ignored because it is a constant under a logistic model), and p(ϑ) is
the prior distribution for ϑ.

In a Bayesian hierarchical framework, the prior density depends on its lower level hyper-parameters,
δ. In a similar manner, the likelihood function also changes. Thus, Equation (5) becomes

p(δ,ϑ
∣∣∣yik) ∝ p(yik

∣∣∣ ϑ, δ)p(ϑ
∣∣∣δ) f (δ) (6)

where f (δ) are hyper-priors for the prior distribution stated in p(ϑ
∣∣∣δ) , while other terms are as

previously defined.
The posterior density in Equation (6) may be evaluated by numerical integration methods, which

would be challenging in a multiple-parameter case. However, with the advent of improved algorithms
and increased computing power, Equation (6) can be evaluated using Bayesian Markov chain Monte
Carlo (MCMC) methods that include Gibbs sampling and variants of Metropolis-Hastings algorithms.
More details about modeling Bayesian hierarchical regression models can be found in [55]. To the best
of the authors’ knowledge, there is no published research that used empirical application of Bayesian
hierarchical logistic model estimated using Hamiltonian Monte Carlo (HMC) to model climate change
awareness. HMC and its extension, the no-U-turn sampler, are more efficient than Gibbs sampling
and Metropolis-Hastings variants at estimating nonlinear hierarchical regression models [55,59,60].
A Bayesian hierarchical logistic regression belongs to a class of regression models where the outcome
variable is binary and statistical inference is in a Bayesian framework while taking advantage of
information across groups of observations. This reduces the sensitivity of lower-level parameters to
noise [55,56,61]. We use Bayesian techniques because Bayesian inference is exact and valid for any
sample size [54,62,63].

2.3. Empirical Model

We model farmer awareness of climate change and its risks to agriculture, while accounting
for district-heterogeneity in farmer responses. Due to the fact that respondents were smallholder
farmers from 6 districts in Zambia and from different agro-ecological zones with varying environmental
conditions, we specify a varying-intercept Bayesian hierarchical logistic model according to district.
The empirical specification of the model is

log
(

θik
1− θik

)
= α0k +

∑
βkxik (7)
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α0k = α0 + µk (8)

βk ∼ N(0, 10) , α0 ∼ N(0, 10), σµ ∼ N(0, 10)

where α0k is the varying-intercept parameter, βk denotes the kth coefficient for the kth predictor
variable, xik is the kth predictor of the ith farmer in the sample. The xik’s are the predictor variables
whose definitions are in Table 1 and summarized in Table A1. The varying-intercept model shown in
Equation (8) shows that the model intercept would vary by α0, while the between-district variation
would be captured by the between-intercept stochastic disturbances µk. Following [55,64,65], we
imposed weakly-normal priors on α0 and βk to ensure proper posterior densities and because these
can take either positive or negative values, even though the null hypotheses for these two parameters
would be that they are zero. Additionally, we used a normal prior for the between-intercept variance
denoted by its standard deviation σµ. We selected these priors to provide little information—which is
consistent with [66] who suggests that posterior standard deviations should be smaller than 10% of the
corresponding prior standard deviations.

We took advantage of modern computationally efficiency of Markov chain simulation
techniques—Hamiltonian Monte Carlo (HMC) and its extension the no-U-turn sampler to generate
posterior samples of the parameter estimates for Equations (7) and (8). HMC uses “momentum”
variables that accelerate each iteration within a parameter space to allow faster mixing and
convergence [55,59,60]. Girolami and Caderhead [67] further demonstrate that both Gibbs sampling
and Metropolis-Hastings algorithms are in general less efficient than HMC. Due to its advantages,
some agricultural economics research that employed Bayesian methods has used HMC techniques
(e.g., [68–70]). Since HMC and the no-U-turn sampler are the default choice in Stan software, all our
estimations were done in R and Stan [60,71–74]. Our HMC techniques involved 2 chains with a burn-in
phase of 2,500 to enable the Markov chains forget their starting states [54,62], with total iterations of
5000 per chain.

In Bayesian analysis, there is a need to check whether the MCMC chains successfully converged
to their target posterior distributions for results to be considered valid. This can be done by conducting
convergence diagnostics using graphical methods or formal tests. Graphical methods include trace
and/or autocorrelation plots. Trace plots depict how the MCMC chains mixed during simulations.
A good mixing of MCMC chains (analogous to caterpillar plots) indicates successful convergence,
otherwise, it indicates poor convergence. Alternatively, autocorrelation plots indicate the correlation
of the MCMC sequences between different lags. Autocorrelation plots that indicate the extinction of
correlation as the lag increases indicate successful convergence, otherwise, it shows poor convergence.
Formal tests include the Gelman and Rubin test [75], Geweke diagnostics [55] and many others.

In this study, we used both graphical and the Gelman and Rubin test. Our convergence diagnostics
are presented in Figures 2 and 3. Due to the fact that we have numerous predictors, we show
autocorrelation and trace plots as convergence diagnostics for only two variables: household size and
agroforestry. Figures 2 and 3 respectively provide trace and autocorrelation plots for parameters of
household size and agroforestry. As shown in both figures, it can be concluded that the MCMC chains
associated with parameters of both variables demonstrate good mixing while autocorrelation dies
away as more lags are considered—indicating successful convergence of the MCMC chains. Formally,
the Gelman and Rubin [75] test to confirm the convergence of the sequences was conducted. The test
checks whether parameter estimates are stationary, by comparing the intra-and inter-chain variation
and if the test statistic for all parameters is less than 1.10, then convergence was successful, otherwise,
it was not [55,75,76]. The Gelman and Rubin test for all of our parameters indicate consistent results
with the graphical methods. This is because, for all the parameter estimates, the Gelman–Rubin test
statistics are smaller than 1.004, which provides strong evidence of convergence.
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We report the highest density interval (HDI) and the region of practical equivalence (ROPE) for
statistical inference. The 95% HDI indicates the most credible values of a posterior distribution [77].
The ROPE represents a range of posterior values that are close to zero, representing an effect that is too
small to be meaningful [78,79]. Out of preference, we used default ROPE values for logistic regressions,
where parameters expressed in log odds ratio can be converted to standardized differences, ranging
from -0.055 to 0.055 [78,79]. Following [79], contrary to the frequentist approach, Bayesian inference
is not based on statistical significance, where effects are tested against zero, but offers a probabilistic
view of the parameter estimates, which allows us to assess the uncertainty related to them. Thus,
instead of concluding that an effect is present when it simply differs from zero, we rely on ROPE for
inference. The rule used in this study is that if 95% of the posterior distribution is outside the ROPE, a
predictor’s effect is meaningfully non-zero, and thus the null hypothesis is rejected. Similarly, if 95% of
the posterior distribution lies inside the ROPE, any probable predictor’s effect is therefore so small
that it is not meaningful—and the null hypothesis can be accepted. Following [78,80], any other state
would imply that more data are required in order to accept or reject hypotheses at our chosen 95% HDI.

3. Results

Descriptive statistics in Table A2 show that the average climate change awareness across districts
ranges from 54% to 91%, which indicates variation in climate change awareness among farmers by
district. For the whole country, descriptive results suggest the mean value of awareness of climate
change and its risk to agriculture among smallholder farmers in Zambia is 77%. These findings clearly
suggest a high number of agricultural producers in Zambia in the sample are aware of climate change
and the risk it poses on agricultural production. Estimation results are presented in Table 2. Column 1
presents variable names while columns 2 and 3, respectively, present mean odds ratios and their
standard deviations. The odds ratios are the exponentiated posterior means. The respective posterior
means are shown in the Appendix A. The 95% HDI are shown in column 4, while probability effects
within the ROPE are presented in column 5. The null hypothesis decision is presented in column 6.

Our results suggest that among the socio-demographic characteristics, gender, marital status, age,
basic level of education, high school education of the household head, household size, and access to
farm credit do not have any effects on awareness of climate change and its risk to agriculture. This
is as shown by the 95% HDIs that overlap one for respective variables. The null hypotheses that no
meaningful effects exist with respect to gender, marital status, age, basic level of education, high school
education of the household head (the variable no education is the reference category and is dropped
from the estimation procedure to avoid perfect collinearity), household size, and access to farm credit
on climate change awareness among farmers are accepted, because over 95% of respective parameters’
posterior distributions are within their ROPEs, with the exception of college education. Results suggest
that college education compared to no education does have meaningful positive effects on climate
change awareness, keeping other factors constant.

With regard to climate change information sources, as indicated by the probability effects within
ROPE, none of the posterior distributions for parameters of ownership of a radio, a television, and
access to extension services was within the ROPE, which suggests that the null hypotheses that no
meaningful effects of ownership of a radio, television, and access to extension services are respectively
rejected. We find that ownership of a radio or access to extension services positively affects climate
change awareness among farmers. However, results suggest farm households that own a television
are less likely to be aware of climate change than otherwise.
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Table 2. Odds ratios, standard deviations, 95% highest density intervals, probability effects and null hypothesis decision results.

Variable Name Odds Ratios Std Dev. 95% High Density Interval (HDI) Probability Effect within Region of Practical Equivalence (ROPE) (%) Null Hypothesis Decision

Dependent variable: Climate change awareness
Predictor variables
Socio-demographic characteristics
Intercept 0.39 0.17 0.13 1.17 4.18 Undecided
Gender 1.01 0.01 0.98 1.03 100 Accept
Marital status 1.02 0.01 0.99 1.04 100 Accept
Age 0.99 0.00 0.99 1.01 100 Accept
Household size 1.00 0.00 1.00 1.01 100 Accept
Basic education 1.15 0.01 1.13 1.17 100 Accept
High school education 0.99 0.01 0.96 1.01 100 Accept
College education 1.81 0.04 1.72 1.90 0 Reject
Access to farm credit 0.94 0.01 0.91 0.96 100 Accept
Climate change information sources
Radio 1.30 0.01 1.28 1.31 0 Reject
Television 0.76 0.01 0.74 0.77 0 Reject
Conservation agriculture advice 0.95 0.01 0.94 0.96 100 Accept
Extension services 1.72 0.01 1.70 1.75 0 Reject
Climate change adaptive factors
Planting in basins 2.85 0.03 2.77 2.92 0 Reject
Animal manure 67.72 6.18 56.26 80.64 0 Reject
Fundikila 3.44 0.05 3.35 3.56 0 Reject
Agroforestry 1.95 0.02 1.92 1.99 0 Reject
Changing planting dates 0.82 0.01 0.82 0.84 19.84 Undecided
Climate change adaptive factors
Changing crop varieties 0.96 0.01 0.95 0.98 100 Accept
Crop diversification 1.65 0.01 1.62 1.68 0 Reject
Ownership of water wells 0.71 0.02 0.68 0.76 0 Reject
Ownership of boreholes 5.04 0.21 4.66 5.47 0 Reject
Ownership of water pumps 0.73 0.02 0.68 0.79 0 Reject
Number of pipes 1.01 0.00 1.01 1.02 100 Accept
Number of solar panels 1.16 0.00 1.15 1.17 100 Accept
Number of rippers 0.85 0.01 0.82 0.89 86.66 Undecided
Climate change impact-related shocks
Increased irrigation reliance 0.57 0.01 0.55 0.59 0 Reject
Reduced food consumption 0.99 0.01 0.97 1.01 100 Accept
Droughts 7.12 0.09 6.96 7.32 0 Reject
Floods 7.10 0.11 6.89 7.32 0 Reject
Frost 13.80 0.46 12.94 14.73 0 Reject
Heat wave 7.77 0.23 7.32 8.25 0 Reject
Extreme temperatures 1.50 0.02 1.46 1.54 0 Reject
Varying-intercept effects
Between-district intercept variance 2.98 1.02 1.87 12.24 0 Reject
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Among climate change adaptive factors, our results suggest that, planting in basins, use of animal
manure, adoption of fundikila, and practicing agroforestry meaningfully affect expression of climate
change awareness and its risk to agriculture. The 95% HDIs for coefficients of respective parameters do
not span the value of one, while over 95% of their posterior distributions are outside their respective
ROPES. This leads to rejection of the null hypotheses that no meaningful effects are associated with the
mentioned variables on farmers’ expression of climate change awareness in Zambia. These findings,
coupled with corresponding odds ratios (that are greater than one), imply that smallholder farmers
that either plant in basins, use animal manure, practice fundikila or agroforestry are more likely to
express awareness of climate change and its risk to agriculture than otherwise.

In terms of the number of rippers that a farmer uses, our results indicate that more data are
required in order to accept or reject the null hypothesis that the number of rippers the farmer uses has
no effect on awareness of climate change and its risk to agriculture. This is because the ROPE for the
variable number of rippers contains 86.66% of the posterior distribution, which does not reach the
95% probability threshold for accepting the null hypothesis. We find similar results for the variable
changing planting dates, since its parameter’s ROPE covers 19.84% of its posterior distribution. This
value falls short of the 95% probability threshold, which implies that the null hypothesis that changing
planting dates has no meaningful effect on expression of climate change awareness can neither be
accepted nor rejected at our chosen HDI.

With regard to farmers that change crop varieties, the ROPE contains 100% of the posterior
distribution of the coefficient of the variable changing crop varieties, which is over the 95% probability
threshold. Thus, the null hypothesis that changing crop varieties has no meaningful effect on climate
change awareness is accepted. However, we find that crop diversification positively affects awareness
of climate change and its risk on agriculture because the ROPE does not include any of the posterior
distribution—a finding that rejects the null hypothesis that crop diversification has no meaningful
effects on expression of climate change awareness. Similar results are observed for ownership of water
wells and water pumps. However, farmers that own boreholes are more likely to be aware of climate
change and its risk to agriculture than otherwise, keeping other factors constant.

The posterior distribution for the coefficient of borehole ownership is not contained in the ROPE,
resulting in rejection of the null hypotheses that owning boreholes does not have meaningful effects on
awareness of climate change. However, results suggest ownership of water pumps negatively affects
the likelihood of one’s awareness of climate change and its risk, ceteris paribus. This could be because
there are very few smallholder farm households that own water pumps in Zambia. Additionally, their
ownership is linked to irrigation of vegetables within family gardens [68] and not merely for climate
change awareness.

Regarding ownership of water pipes and solar panels, our results suggest their respective null
hypotheses that they do not have meaningful effects on climate change awareness, are accepted
at 95% HDI. This is because their ROPEs include more than 95% of their posterior distribution,
which means that these variables do not significantly affect farmers’ climate change awareness. In
terms of the climate change impact-related shocks (i.e., increased reliance on irrigation, reduced
food consumption, experience of droughts, floods, frost, heat wave, and extreme temperature), the
hypothesis that reliance on irrigation of crops has no meaningful effect on climate change awareness is
rejected because the ROPE does not include any of the posterior distribution at 95% HDI. Additionally,
smallholder farmers whose areas of location experience droughts, floods, frost, heat waves, and extreme
temperature are more likely to be aware of climate change and its risk to agriculture than otherwise,
everything else held constant. This is because, for example, the null hypothesis that experiencing
droughts has no meaningful effects on climate change awareness is rejected, since the ROPE includes
none of its parameter’s posterior distribution. Similar results exist for floods, frost, heat wave, and
extreme temperatures.

Results presented in the last row of Table 2 show the significance of varying intercepts. As
mentioned before, the varying intercepts in the estimation procedures accounted for inter-district
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variation of the multiple responses from the respondents located in each district. This was to account
for inter-district heterogeneity, because agricultural producers from some districts would more than
average be aware of climates change awareness. Results suggest that inclusion of varying intercepts is
meaningful since the ROPE does not include any of the posterior distribution of the between-district
variance—thereby rejecting the null hypothesis that inclusion of varying-slope effects is not meaningful
in our modeling strategy.

4. Discussion

This study determines smallholder farmers’ awareness of climate change and its risk to agriculture.
It also examines the drivers of farmers’ expression of awareness of climate change and its risks to
agriculture in Zambia. Unlike previous studies on climate change awareness, this study delivers a
useful empirical application of a Bayesian hierarchical logistic model, estimated using Hamiltonian
Monte Carlo (HMC), with its extension, the no-U-turn sampler. This is novel because both the HMC
and no-U-turn sampler are state-of-the-art techniques that are more efficient than the Gibbs sampling
and Metropolis-Hastings variants, because their Monte Carlo samples suffer less from autocorrelation
between chains [56,81]. Additionally, our modeling is under a Bayesian hierarchical framework which
is exact in any sample size and also allows individual intercepts to be centered thereby reducing the
sensitivity of lower-level parameters to noise—thereby assuring more credible findings.

Our findings show that on average, a large number of farmers do express awareness of climate
change and its risks to agriculture in Zambia. However, the number of farmers that indicated awareness
of climate change varied by district. For example, only about 54% of farmers in Nyimba expressed
climate awareness while Petauke had approximately 91% that reported awareness of climate change
and its risks on agriculture. This suggests that while climate change awareness in the country maybe
high, there is still need to promote the dissemination of the information about climate change among
smallholder agricultural producers. As suggested by [10], providing farmers with climate change
information would ultimately help them to adapt to the effects of climate change by using appropriate
technologies. Additionally, the need to promote awareness of the climate change crisis would lay a
launch pad upon which promotion of adaption technologies could be improved. Woods et al. [33] found
that the more concerned farmers are about climate change—conditional on being well informed—the
more likely they would adapt to climate change impacts.

In terms of the socio-demographic characteristics, smallholder farmers with education up to
college level are more likely to be aware of climate change and its risks to agriculture than those without
an education (that is, those that are illiterates or are not formally educated). These findings corroborate
the results by [10,34,35]. Following [82,83], education or cognitive skills theoretically affect perception
or awareness because they alter people’s potential to acquire and retain information —which therefore
highlights the important role the level of education plays on the science of climate change. In general,
we expect a farmer with college education to be more analytical and to better understand the science
of climate change than one with an up to primary, basic or high school level of education—which
could be why other levels of education did not meaningfully affect climate change awareness among
farmers. While not all smallholder farmers in Zambia and other countries may have college education,
the opportunity to be aware of climate change and its risks to agriculture is at their disposal through
climate change information sources such as the radio and agricultural extension that we found to have
positive and meaningful effects on climate change awareness.

Our results show that owning either a radio or television significantly affects awareness of climate
change and its risks to agriculture. However, we find that between the two media sources, farmers that
own a radio are more likely to be aware of climate change and its risks to agriculture than otherwise,
while those that own a television are less likely to be aware of climate change than those that do not.
The result for television is unexpected, especially as a television is one of media sources of information
expected to positively affect climate change awareness. The reason for this unexpected result could be
that televisions (compared to radios) have extremely few programs that are aimed at raising awareness
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on climate change among farmers. Additionally, our experience is that most programs on Zambian
televisions are usually conducted in English, which the majority of farmers do not speak [84] and
therefore, they may not absorb the climate change messages shown on television. In contrast, most
radio stations in Zambia are location-specific and may provide climate change awareness in local
languages, which could be key for farmers’ awareness of the phenomenon. Additionally, farmers
that have access to agricultural extension services are more likely to be aware of climate change and
its risks to agriculture than otherwise. This result is consistent with [10,36,85]. As in [35], our study
recommends increased provision of locally targeted as well as stakeholder- specific extension and
advisory services directed at enriching climate change understanding and providing platforms that
befit farm-level climate change adaptation among farmers.

We further found that farmers that practice some of the climate change adaptive agricultural
strategies such as planting in basins, animal manure, fundikila, or agroforestry are more likely to
express awareness of climate change and its risks to agriculture than otherwise. Climate change
awareness is expected to increase adoption of these strategies, but practice of these strategies in the first
place means climate change awareness—which is also the reason why on average, farmers that practice
adaptive strategies more likely express climate change awareness than those that do not. While much
of recent studies might have focused on promotion and impact evaluation of climate change adaption
technologies, these results suggest that farmers that adopt them are clearly aware of climate change
and its risks. Thus, we recommend continued efforts by governments and relevant stakeholders to
increase awareness of climate change alongside promotion of adoption of climate- smart agricultural
techniques among farmers.

Other important climate change adaptive predictors that have significant effects on expression of
awareness of climate change and its risks to agriculture include ownership of water wells, boreholes or
water pumps. These assets are useful for making groundwater available to farmers. We found that
farmers that own boreholes, ceteris paribus are more likely to express awareness of climate change and
its risk to agriculture than otherwise. However, smallholder farmers that own either water wells or
water pumps are less likely to express awareness of climate change than those without such assets,
holding other factors constant. The reason for the latter results could be because most farmers in
Zambia and most parts of SSA traditionally tend to use groundwater for the production of vegetables or
for home consumption [86]. Due to the fact that climate change effects include droughts, farmers could
own these assets not necessarily because of being aware of climate change, but rather as short-term
strategy to withstand water shortages.

As put forward by [10,32,51,87], awareness or perception can as well be determined by recency
effects, that is, the recent occurrence of a climate variation event such as a rainy winter or a dry summer
or changes in daily temperature. Consistent with these arguments, we found that farmers that have
in the past unexpectedly experienced droughts, floods, frost, heat wave, or extreme temperatures
are more likely to be aware of climate change and risk to agriculture than otherwise. This is novel,
especially as Zambia and other SSA countries have unsurprisingly experienced rising temperature, and
uncertain rainfall patterns such as droughts and floods [5,35], which ultimately risk rain-fed agriculture
that majority of smallholder farmers depends on. By experiencing such unusual weather events,
farmers are more likely to become aware of climate change and its risk on agricultural production.
These results demonstrate that while human perception of climate change could be complex, stochastic
weather events that have plagued the current generation are clearly contributing to farmers’ awareness
of climate change and the risks it poses on agricultural production.

Moreover, respondents that rely more on irrigated agriculture are less likely to be aware of climate
change and its risk to agriculture than those that rely on rain-fed agriculture. This is plausible because
rain-fed agriculture is more vulnerable to climate change impacts [5,13]. However, even farmers
that rely on irrigated agriculture need climate change information because the droughts affect water
availability. The temperatures are forecasted to rise in mid-century and beyond 2100, which could lead
to more crop stress and ultimately yield reduction [4]. Additionally, farmers that diversify are more
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likely to express awareness of climate change and its risks to agriculture. This is expected as farmers
may be diversifying crops as an adaption to climate change risks thereby avoiding losses, by planting
drought-tolerant varieties that would resist climate-related droughts [18].

5. Conclusions

Using Bayesian hierarchical techniques, this study determined the drivers of awareness of climate
change and its risks to agriculture among smallholder farmers in Zambia. While we found a large
percentage of smallholder farmers are aware of climate change and its risks in Zambia, the awareness
levels among farmers across the sampled districts was not homogenous. We recommend more
rigorous efforts of promoting awareness in synergy with climate-smart adaptation strategies. This is
important because farmers’ perceptions and/or awareness of climate change guide their adaptation
strategies [47,88,89].

We found that several socio-demographic, climate change information sources, climate change
adaptive factors, and climate change impact-related shocks to have meaningful effects on farmer’s
expression of awareness of climate change and its risks to agriculture. More importantly, we found
recency of factors such as droughts, frost, floods, heat wave, and extreme temperatures to positively
predict climate change awareness and its risks to agriculture. Due to the fact that people’s capacity to
implement adaptation measures needs both personal cognitive motivation and societal support [90],
we recommend promotion of climate change awareness among farmers while providing them with the
necessary information of possible mitigation measures.
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Appendix A

Table A1. Descriptive statistics of variables.

Variable Name District Name
District Choma Mpika Nyimba Petauke Serenje Sinazongwe Zambia

Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev
Dependent variable
Climate change awareness 0.66 0.47 0.87 0.32 0.54 0.49 0.91 0.28 0.89 0.30 0.75 0.43 0.77 0.41
Predictor variables
Socio-demographic characteristics
Gender 0.84 0.36 0.78 0.41 0.78 0.41 0.82 0.38 0.80 0.39 0.79 0.40 0.80 0.39
Marital status 0.85 0.34 0.78 0.41 0.78 0.41 0.84 0.36 0.82 0.38 0.80 0.40 0.81 0.38
Age of household head 48.80 14.28 47.31 15.69 45.12 14.39 46.42 15.52 46.29 15.11 43.59 13.43 46.28 14.94
Household size 6.53 6.53 6.12 2.43 6.16 2.40 5.46 2.25 6.72 2.43 6.03 2.13 6.07 2.41
No education 0.02 0.16 0.04 0.20 0.15 0.36 0.28 0.45 0.05 0.23 0.10 0.31 0.13 0.34
Basic education 0.65 0.47 0.55 0.49 0.55 0.49 0.57 0.49 0.57 0.49 0.56 0.49 0.57 0.49
High school education 0.26 0.44 0.37 0.48 0.28 0.45 0.11 0.32 0.35 0.48 0.27 0.44 0.26 0.44
College education 0.05 0.22 0.03 0.17 0.00 0.05 0.02 0.14 0.01 0.11 0.05 0.21 0.02 0.15
Access to farm credit 0.06 0.25 0.00 0.00 0.15 0.36 0.33 0.47 0.01 0.12 0.11 0.32 0.14 0.34
Climate change information sources
Radio 0.63 0.48 0.61 0.48 0.51 0.50 0.65 0.47 0.64 0.47 0.55 0.49 0.60 0.48
Television 0.23 0.42 0.18 0.38 0.19 0.39 0.15 0.36 0.28 0.45 0.17 0.38 0.19 0.39
Conservation agriculture advice 0.61 0.48 0.59 0.49 0.61 0.48 0.68 0.46 0.59 0.49 0.58 0.49 0.62 0.48
Extension services 0.95 0.19 0.88 0.31 0.83 0.37 0.90 0.29 0.84 0.36 0.93 0.25 0.88 0.31
Climate change adaptive factors
Planting in basins 0.14 0.34 0.01 0.11 0.19 0.39 0.12 0.32 0.11 0.32 0.09 0.28 0.11 0.32
Animal manure 0.00 0.00 0.00 0.00 0.02 0.15 0.00 0.00 0.02 0.14 0.00 0.00 0.01 0.09
Fundikila 0.00 0.00 0.33 0.47 0.01 0.11 0.00 0.00 0.09 0.28 0.00 0.00 0.07 0.26
Agroforestry 0.15 0.36 0.01 0.11 0.10 0.31 0.15 0.36 0.21 0.41 0.15 0.36 0.12 0.33
Changing planting dates 0.06 0.23 0.20 0.40 0.37 0.48 0.58 0.49 0.42 0.49 0.26 0.44 0.35 0.47
Changing crop varieties 0.10 0.30 0.25 0.43 0.49 0.50 0.56 0.49 0.55 0.49 0.38 0.48 0.41 0.49
Crop diversification 0.06 0.24 0.22 0.41 0.27 0.44 0.10 0.31 0.49 0.50 0.40 0.49 0.23 0.42
Ownership of water wells 0.03 0.18 0.1 0.11 0.00 0.06 0.01 0.08 0.04 0.21 0.01 0.09 0.01 0.12
Ownership of boreholes 0.06 0.23 0.00 0.00 0.00 0.05 0.00 0.00 0.01 0.11 0.01 0.12 0.01 0.10
Ownership of water pumps 0.05 0.22 0.00 0.00 0.00 0.00 0.00 0.00 0.03 0.18 0.01 010 0.01 0.10
Number of pipes 2.88 0.69 0.00 0.00 1.00 0.02 1.78 0.46 0.00 0.00 0.99 0.09 2.44 3.44
Number of solar panels 1.21 0.81 1.22 0.65 1.13 0.51 1.29 0.68 0.00 0.00 1.38 0.78 1.24 1.18
Number of rippers 1.08 0.28 0.00 0.00 1.02 0.10 1.12 0.16 0.00 0.00 1.01 0.02 1.05 0.97
Climate change impact-related shocks
Increased irrigation reliance 0.00 0.00 0.02 0.14 0.00 0.05 0.01 0.12 0.15 0.36 0.09 0.28 0.03 0.18
Reduced food consumption 0.03 0.16 0.08 0.27 0.10 0.31 0.09 0.29 0.44 0.49 0.02 0.15 0.12 0.32
Droughts 0.43 0.49 0.38 0.48 0.62 0.48 0.85 0.34 0.88 0.31 0.75 0.42 0.66 0.47
Floods 0.38 0.48 0.04 0.20 0.01 0.11 0.03 0.17 0.03 0.18 0.12 0.33 0.08 0.27
Frost 0.01 0.11 0.15 0.35 0.00 0.00 0.00 0.00 0.02 0.14 0.00 0.00 0.03 0.17
Heat wave 0.02 0.14 0.05 0.21 0.00 0.05 0.00 0.06 0.01 0.11 0.00 0.00 0.01 0.12
Extreme heat 0.08 0.28 0.32 0.47 0.30 0.46 0.10 0.30 0.02 0.16 0.01 0.09 0.17 0.37
Number of observations 149 220 284 312 142 120 1,227
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Table A2. Posterior means, standard deviations, and Bayesian 95% credible intervals.

Variable Posterior Mean Standard Deviation 95% Credible Interval

Dependent variable
Awareness of climate change and its risks to agriculture
Predictor variables
Socio-demographic characteristics
Intercept −0.952 0.532 −2.084 0.112
Gender 0.006 0.013 −0.020 0.031
Marital status 0.015 0.013 −0.011 0.041
Age of household head −0.007 0.000 −0.008 −0.007
Household size 0.003 0.001 0.000 0.005
Basic education 0.138 0.011 0.117 0.158
High school education −0.012 0.012 −0.036 0.011
College education 0.591 0.023 0.545 0.637
Access to farm credit −0.066 0.012 −0.089 −0.041
Climate change information sources
Radio 0.259 0.007 0.245 0.272
Television −0.280 0.009 −0.298 −0.262
Conservation agriculture advice −0.048 0.007 −0.061 −0.035
Extension services 0.545 0.010 0.526 0.563
Climate change adaptive factors
Planting in basins 1.048 0.012 1.025 1.072
Animal manure 4.218 0.092 4.042 4.403
Fundikila 1.238 0.016 1.205 1.269
Agroforestry 0.671 0.012 0.647 0.695
Changing planting dates −0.188 0.008 −0.204 −0.172
Changing crop varieties −0.038 0.008 −0.053 −0.023
Crop diversification 0.502 0.010 0.484 0.521
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Table A2. Cont.

Variable Posterior Mean Standard Deviation 95% Credible Interval

Climate change adaptive factors
Ownership of water wells −0.334 0.027 −0.389 −0.280
Ownership of boreholes 1.619 0.041 1.539 1.700
Ownership of water pumps −0.309 0.036 −0.380 −0.238
Number of pipes 0.017 0.002 0.013 0.021
Number of solar panels 0.151 0.006 0.139 0.162
Number of rippers −0.159 0.021 −0.200 −0.117
Climate change impact-related shocks
Increased irrigation reliance −0.557 0.020 −0.596 −0.518
Reduced food consumption −0.009 0.012 −0.032 0.013
Droughts 1.963 0.013 1.938 1.988
Floods 1.960 0.015 1.930 1.990
Frost 2.625 0.034 2.556 2.693
Heat wave 2.052 0.030 1.995 2.110
Extreme temperature 0.405 0.014 0.377 0.432
Varying-intercept effects
Between-grade intercept variance 1.210 0.488 0.627 2.505
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