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Australian agriculture and the rural communities that depend upon it are expected 
to experience significant impacts from climate change. The recognition of the 
human role in climate change is central in the design and implementation of 
effective strategies to mitigate and adapt to its impacts. Understanding the extent 
to which members of the public, such as private landholders, acknowledge 
human-caused climate change is critical, given their role as custodians of large 
tracts of natural resources. Rural social benchmarking studies are a useful tool 
for understanding landholder values and beliefs. Here, we  use a rural social 
benchmarking survey to examine landholder agreement regarding the extent to 
which humans contribute to climate change across four Australian agricultural 
regions. We  perform hierarchical clustering analysis to determine subgroups 
of landholders with similar patterns of survey responses. We then evaluate this 
effect of cluster membership and demographic characteristics using Bayesian 
ordinal regression on levels of agreement with the statement “that human 
activities are influencing climate change.” Our findings reveal three distinct 
clusters based on patterns of responses to survey questions eliciting participants 
values beliefs and norms. Cluster membership exhibits the strongest positive 
influence on agreement (0.52, 95% CI: 0.37 to 0.67). This was followed by higher 
education levels (0.32, 95% CI: 0.22 to 0.41). Gender showed a moderately 
uncertain but positive influence. Years residing on the property, participant age, 
and property size showed very little influence, while rainfall zones showed a 
negative influence of-0.29 (95% CI: −0.47 to-0.12). Our results underscore the 
need for extension programs to consider landholder typologies based on a 
combination of lived experience and demographics.

KEYWORDS

landholder attitudes, climate change, Bayesian ordinal regression, social science 
research, lived experience

1 Introduction

Terrestrial biodiversity across the globe is experiencing rapid decline due to the increasing, 
cumulative impacts of land-use change, habitat loss and climate change (IPCC Climate 
Change, 2013; Allen et al., 2018; Arias et al., 2021). Climate change negatively impacts native 
vegetation by changing the suitability requirements needed for the persistence of species 
(Archibald et al., 2024) resulting in changes to the distribution of certain species or species 
extinction where habitats become entirely unsuitable (Archibald et al., 2024). Climate change 
is also likely to have negative and profound impacts on agriculture and food systems (McCarl, 
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2010; Hatfield et al., 2011). Australia is vulnerable to climate change 
due to the compounding impacts of significant weather variability 
increasing the frequency and intensity of natural disasters (Garnaut, 
2008; King et al., 2017; Beggs et al., 2021; Prosser et al., 2021). As a 
result, Australian agricultural productivity has been reported to 
be declining (Hochman et al., 2017). In the future, these declines may 
be between 2 and 50% (Hughes et al., 2022). The successful design and 
implementation of effective strategies to mitigate and adapt to climate 
change impacts is contingent upon the recognition of the human role 
in climate change.

While scientific evidence overwhelmingly supports the reality of 
climate change, perceptions of landholders regarding human-driven 
climate change can be  influenced by contextual factors. Previous 
experiences with natural disasters and variability in climatic patterns 
may shape these perceptions. Various studies (e.g., Dunlap et al., 2001; 
Niles and Mueller, 2016; Weber, 2016; Zanocco et al., 2018; Hughes 
et al., 2022) have explored the connection between concerns about 
climate change and exposure to variable climatic patterns. These 
studies suggest that changes in climate change opinion can differ 
based on the type and severity of weather event experienced. For 
example, direct exposure to extreme flooding events can increase the 
salience of climate change (Demski et al., 2017). However, weather 
pattern variability relative to long term trends may have an uncertain 
impact on an individual’s opinion about climate change (Weber, 2016). 
For example, elevated levels of precipitation may not significantly 
increase climate change concern (Carmichael and Brulle, 2017), but 
lower-than-average rainfall may have an effect (Hughes et al., 2022). 
Perceptions of variability may be subjective in relation to key issues 
arising, or the availability of infrastructure for natural resource 
control. For example, increased perceived rainfall by farmers in 
certain areas, despite no evidence to suggest such trends, may 
be linked to perceived water availability resulting from establishing 
water retention infrastructure (Niles and Mueller, 2016).

Landholders may also hold unique perspectives that merge 
ecological, economic and social dimensions (Adams et  al., 2014). 
Consequently, while beliefs, including those regarding climate change, 
are thought to be guided by knowledge (Ajzen, 1991), several studies 
mention that knowledge alone does not produce societal or behavioral 
change, particularly concerning environmental and sustainability 
behaviors (Pannell, 2010; Rogers et al., 2012). This phenomenon is 
commonly termed the knowledge-action gap (Frick et al., 2021) where 
the gap commonly plays out in the contested interfaces of science and 
policy. This gap is attributed to the causal interactions of socio-cultural 
knowledge production, use and governance (Cornell et al., 2013; Van 
Kerkhoff, 2017), and risks not only inaction, but apathy (Stern et al., 
2016; Soubry et  al., 2020). Understanding the extent to which 
members of the public, such as private landholders, acknowledge 
human-caused climate change is critical, given their role as custodians 
of large tracts of natural resources. This is particularly important 
because biodiversity values on private land are vulnerable to increases 
in agricultural intensification (Smith et al., 2013).

Local participation is key to achieving national and 
international sustainability goals, with local communities working 
together with government agencies, NGOs, and other stakeholders 
to reduce land management practices that are environmentally 
harmful (Minato et  al., 2010; Curtis and Mendham, 2015). 
Understanding local beliefs is particularly important because 
landholders also consider other landholders to be one of the more 

trusted sources of information, including for information on 
climate change (Burgess et  al., 2020). Indeed, restorative, 
sustainable and regenerative management of natural environments 
and rural landscapes remains a principal area of focus for natural 
resource management organizations (Lockwood et  al., 2009), 
emphasizing the importance of bottom-up, community-based 
initiatives in addressing environmental challenges (Brosius 
et al., 2005).

Engagement with community-based sustainability initiatives is 
notably varied (Emtage and Herbohn, 2012), influenced by 
differences in values (Pannell et al., 2006); psychographic variables 
(such as property management goals); financial barriers; and external 
factors such as regional governance and the biophysical characteristics 
of the land (Bizikova et al., 2020). Local participation, and the trust 
landholders place in information from their peers, both play a pivotal 
role in shaping land management practices (Barletti et al., 2020). As 
such, the factors relating to individual’s values, attitudes, beliefs, 
norms and background factors could have profound implications for 
acceptance and beliefs surrounding climate change. Understanding 
this nuanced relationship can help tailor effective strategies toward a 
collective understanding and commitment toward addressing climate 
challenges at both local and broader scales (Cardoso and 
James, 2012).

Rural social benchmarking studies undertaken over many years 
are building an understanding of landholder characteristics and 
drivers of decision-making in relation to farm and rural landscape 
management (Curtis et al., 2008; Lockwood et al., 2009; Minato et al., 
2010; Toman et al., 2019; Curtis et al., 2020; Groth-Joynt et al., 2020; 
Luke et al., 2020, 2022). The combination of landholder characteristics, 
particularly when derived through social benchmarking surveys, can 
be  used to derive typologies of landholders using multivariate 
clustering approaches (Curtis et  al., 2005; Morrison et  al., 2008). 
Indeed, research using social benchmarking surveys has identified 
both stability and patterns of change in Australian farming regions, 
ultimately concluding that certain types of landholders are more likely 
to invest in more sustainable or regenerative land management 
practices, such as reducing erosion through the use of cover-cropping 
(Toman et al., 2019; Alexanderson et al., 2023). Still, there is much to 
be understood about the relationship between those who agree that 
human activities are driving climate change, and key social-
psychological conditions, including a willingness to invest in 
regenerative or sustainable land management practices.

While many studies have explored public perceptions of climate 
change, limited research has specifically focused on private landholder 
views within the context of human-induced climate change. 
We examine whether landholders agree that humans cause climate 
change, using data from rural social benchmarking surveys from four 
Australian agricultural regions. We specifically examine drivers of 
agreement in relation to a multitude of factors, including socio-
cultural context, property use and land management practices. Based 
on this premise, we explore the attributes of landholders who agree, 
disagree or are so far undecided about the relationship between 
human activity and climate change. Ultimately, our study provides a 
nuanced perspective of factors influencing agreement in 
anthropogenic climate change. An improved understanding of the 
factors influencing perceptions of the Australian farmer may better 
support future research, funding priorities, extension programs 
and advocacy.
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2 Methods

2.1 Social benchmarking surveys

This paper draws on a large data set derived from the Cooperative 
Research Centre for High Performing Soils (Soil CRC) Social 
Benchmarking of Rural Landholders. This study is part of a broader 
program of research exploring the role of private landholders in 
regional land use and natural resource management, within the Soil 
CRC (Curtis et  al., 2020; Luke et  al., 2020, 2021, 2022). This 
methodology has a long history in the Australian context, having been 
applied many times in the context of social benchmarking in rural 
Australia since 1994 (Curtis and Mendham, 2015).

The original surveys contained core questions, common across 
surveys, and also customized questions relating to local topics, that 
were co-designed with regional partners. Local topics were excluded 
from further analysis, hence we used only the questions that were 
consistent across all regions. This survey applies the elements of Stern’s 
causal framework to explain landholder characteristics (Stern, 2000). 
Within this structure, the core elements of values (biospheric, 
altruistic, egoistic) (Jorgensen and Stedman, 2001); beliefs 
(justification for actions, self-assessed capacity to take actions); and 
personal norms (personal norms such as attitude toward soil health; 
and subjective norms such as the views of other farmers), follow a 
modified Theory of Planned Behavior framework that builds on the 
work of Mazur et al. (2013), Figure 1. According to this framework, 
human behavior is generally guided by three main considerations: 
beliefs about consequences of behaviors (behavioral beliefs), beliefs 
about the expectations of others (normative beliefs) and beliefs about 
the factors that are barriers or enablers of the behavior (control 
beliefs) (Ajzen et al., 2018) Within these broader groupings, behavioral 
beliefs produce attitudes (negative or positive) toward the behavior. 
Normative beliefs result in perceived social or subjective norms (i.e., 

the individual’s assessment about whether or not most people will 
approve or disapprove of the behavior). Finally, control beliefs 
produce perceived behavioral control (i.e., the relative difficulty or 
ease in performing the behavior). All of the above variables are 
influenced by personal traits (such as individual values, attitudes and 
predisposition toward risk), demographic (including age, gender, 
income, personal experience, knowledge, or exposure to information 
(Ajzen et al., 2018).

A question on agreement concerning human induced climate 
change is the principle focus of this analysis. From the broader data 
set, we drew a subset of 42 questions which are thought to influence 
attitudes to climate change (Sulemana and James, 2014; Cook and 
Lewandowsky, 2016), having previously emerged as significantly 
related. These were: (i) experience with land management issues (lived 
experience), (ii) personal values (held values) (McIntyre et al., 2008); 
(iii) reasons for valuing their property (attached values) (Stedman, 
2002; Meertens and Lion, 2008); (iv) self-assessed knowledge and 
understanding of different issues; (v) personal beliefs about farm and 
resource management; (vi) personal norms and normative views/
expectations of others (Meertens and Lion, 2008); and (vii) perceived 
behavioral control (i.e., having sufficient time and money to 
implement changes).

2.2 Survey distribution

The general survey approach is a physical and systematic mail-out 
of paper notices and booklets to private landholders of rural properties 
across a chosen geographical region. The survey method is founded 
on probability theory, which states that inferences can be made about 
a carefully defined population through the systematic selection of a 
sample that includes a few hundred or thousand individuals (Dillman, 
1991). Following this method, it is possible to make inferences about 

FIGURE 1

Schematic representation of the survey structure. Survey questions were classified according to values behavioral beliefs, normative beliefs and control 
beliefs. These were used to form clusters of landholders. We then explored the relationships between these clusters along with demographic 
characteristics to form and understanding of the which factors characterize agreement that human activities are driving climate change.
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the prevalence of opinions, views and behaviors of the larger 
population with assurance (Dillman et al., 2014).

Social benchmarking surveys were implemented within four 
agricultural regions in the Australian states of South Australia (SA), 
New South Wales (NSW), Western Australia (WA) and Tasmania 
(Tas). The agricultural regions included in this study were identified 
based on the participation of one or more local organizations within 
the Soil CRC, and defined based on logical boundaries (e.g., a cluster 
of local government areas within a region, or river catchment 
management areas) (Luke et  al., 2021). To identify addresses for 
mail-box distribution, rate-payer data was sourced from local councils 
who partnered on the project in both WA and NSW. For SA and 
Tasmania, existing regional rate payer lists were used to draw a sample, 
excluding properties less than ten hectares. On the Eyre Peninsula of 
SA and in the Northern WA Wheatbelt, a census of all properties was 
conducted, while in Central West New South Wales and Tasmania, a 
random sample was drawn, receiving response rates between 24 and 
35 percent (Table 1, Figure 2).

2.3 Analysis of survey data

Our goal was to determine clusters of landholders based on 
patterns of responses to questions about their behavioral beliefs, 
normative beliefs and control beliefs; to align these clusters with their 
demographics and; understand the influence of cluster membership 
demographic characteristics on levels of agreement that humans are 
driving climate change. Our analysis was performed over three stages: 
Stage 1: filling missing values, Stage 2: hierarchical clustering, and 
Stage 3: implementing a Bayesian ordinal regression for participant 
demographics and cluster membership, against their agreement that 
humans are driving climate change. All analysis were performed in R 
v. 4.3.1 (R Core Development Team, 2013).

2.3.1 Stage 1: handling missing values
Survey responses included in this analysis were recorded on a 

5-point Likert agreement scale ranging from strongly disagree to 
strongly agree (Joshi et  al., 2015). Responses were re-coded to a 
numeric interval scale (1:5) for all analyses. To accommodate for 
missing data (which is expected in surveys, as respondents may skip 
or refuse to answer questions), we used multiple imputations (Little 
and Rubin, 2019). Multiple imputations account for the uncertainty 
caused by missing data by creating plausible values for the missing 

responses based on their relationship with other variables in the 
dataset. The imputed values were extracted using the mice package 
(Van Buuren, 2011) to create a complete dataset. After trailing several 
thresholds for acceptable missingness, we considered responses with 
an average missing value below 30% as acceptable for imputation 
(Supplementary Table S1). We  considered variables that had a 
correlation coefficient > 0.7 highly correlated and removed these 
variables from further analysis. After subsetting the entire survey 
dataset for survey questions from the categories mentioned in Section 
2.1, and implementing this cleaning procedure, the number of survey 
responses in the imputed dataset was 1,393.

2.3.2 Stage 2: hierarchical clustering
We then performed hierarchical clustering analysis with Ward’s 

distance (Murtagh and Contreras, 2012; Rodriguez et al., 2019) to 
determine subgroups of individuals with similar patterns of responses 
to these survey questions (i.e., of views, lived experience (issues), 
values and future plans). Cluster analysis is appropriate in this context 
as responses to these questions are expected to determine typologies 
landholders, beyond demographics alone. The optimal number of 
clusters was determined based on visual inspection of a dendrogram 
at a height (or measure of cluster dissimilarity) corresponding to 70% 
of the maximum height (Supplementary Figure S1) and having a low 
but acceptable Cophenetic correlation coefficient (0.37). We further 
evaluated the overlap between clusters using ANOVA 
(Supplementary information Table S9).

After performing hierarchical clustering, each participant was 
assigned membership to the cluster with the nearest cluster centroid 
in the optimal solution. Subsequently, we explored cluster membership 
based on demographic characteristics of the participants. The 
characteristics we used were age, sex, education, income, rainfall zone, 
property size, length of ownership, landholder type, whether the 
respondent made a profit from their land; and whether the property 
was used for cropping or grazing purposes.

2.3.3 Stage 3: Bayesian ordinal regression
Finally, we  implemented a Bayesian ordinal regression model 

using cluster membership and demographic characteristics (Table 2) 
as predictors for agreement that human activities are driving climate 
change. Our model used weakly informative priors and was 
implemented in the brms package (Bürkner, 2017). We iterated our 
model by adjusting chain and iteration parameters after evaluating 
each iteration model using trace plots, Gelmen-Rubin diagnostics, 
Geweke diagnostic and MCMC density plots 
(Supplementary information Figures S3, S24).

2.4 Limitations

While our study allows for a detailed exploration factors shaping 
landholders’ perceptions, the survey distribution method was 
conducted within regions of a limited size. The method relies on 
physical mail-outs of paper booklets and notices linking to an online 
survey. Some sample selection bias is possible, as those individuals 
who are both motivated and willing to complete and return the 
mail-out survey may possibly lean toward older farmers, while online 
completions tended to be younger and female, as has been identified 
in previous studies (Patrick et al., 2021). We acknowledge that the 

TABLE 1 Response rates for jurisdictions included in this study.

Survey Mailed 
out

Possible 
respondents

Actual 
responses

Response 
rate (%)

South 

Australia

2055 1,573 373 30

Western 

Australia

980 745 171 24

New 

South 

Wales

2,500 1872 495 31

Tasmania 2000 1,217 354 35

Total 7,535 5,407 1,680 31
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while the survey may not capture the perspectives of all landholders, 
we are fairly confident in the generalizability of our findings across the 
regions surveyed.

We observed a low Cophenetic correlation coefficient (0.37). 
We consider that surveys are exploratory research tools, where the 
primary goal is to uncover insights and trends rather than to produce 
definitive clustering solutions. Considering this exploratory aim, a 
Cophenetic correlation coefficient of 0.37 may still provide valuable 
insights into the underlying structure of the data, helping to identify 
meaningful clusters or subgroups for further investigation. 
Furthermore, results of ANOVA analysis reveal significant differences 
between clusters. Thus, despite its relatively low value, the coefficient 
still offers valuable insights into underlying data structures, guiding 
meaningful interpretations and further investigations.

3 Results

3.1 General survey trends

Of the 1,393 imputed responses, most participants resided in 
New South Wales (n = 495) and South Australia (n = 373), with 
354 in Tasmania and 171 in Western Australia. Overall, fewer full-
time farmers in all regions tended to agree with the statement that 
‘Human activities are influencing changes in climate’ when compared 
with other types of landholders. Hobby farmers and non-farmers 

showed higher levels of agreement, with hobby farmers having the 
highest level of agreement. Respondents who made income from and 
resided on their property were more likely to agree with this 
statement, compared with those who did not. Gender made a large 
difference regarding climate beliefs, though most respondents were 
male, with a smaller sample of females (n = 111). Over half of male 
respondents (56.4%) and most female respondents (78.6%) agreed 
or strongly agreed that humans were driving climate change. 
Respondents with a University qualification comprised 4.3% of the 
total participants, with the largest number of participants indicating 
that they had a Year 12 education (33.4%). Of those who strongly 
agreed that humans were causing climate change, most individuals 
held a Year 12 education (54.2%) whereas the majority of those who 
disagreed had Year 10 as their highest level of education (34.7%) (see 
Table 2).

Respondents from Tasmania showed higher levels of agreement 
compared to other jurisdictions (74.8% of respondents agreeing or 
strongly agreeing). Of the respondents who disagreed or strongly 
disagreed (n = 231), a quarter of these were from New South Wales 
(n = 61, 26.6%). There were no discernible overall trends in 
participant’s agreement by rainfall zone, with low rainfall zone 
respondents being approximately half of those who both strongly 
agreed and strongly disagreed. Respondents who were not producing 
crops on their property comprised 66.2% of respondent’s strongly 
agreeing that humans are driving climate change. The same was true 
for graziers, with 70.8% of those strongly agreeing that humans are 

FIGURE 2

Boundaries of the four study regions included in this analysis. Predominant land-uses are shown as an indicative measure of enterprise variation within 
and between regions. Land-use data were obtained from ABARES (2022).
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driving climate change managing a grazing enterprise (i.e., sheep or 
cattle farming) (Table 3). We provide the mean, standard deviation 
(SD), median, and range of responses for each survey question across 
the four regions, as well as the overall range of responses for survey 
questions across all regions (Supplementary Tables S2, S8).

3.2 Cluster comparison

Three discernible clusters emerged, reflective of distinct patterns 
responses to subjective norms, lived experiences, perceived behavioral 
control and behavioral beliefs (Supplementary Table S10). These clusters, 
developed from responses to survey questions, reveal slightly different 
demographic assemblages to the overall survey data. Cluster 1 is 
predominantly composed of full-time farmers. Within this cluster, half of 
the participants indicated that they “agree” (50.9%) with the notion that 
climate change is human induced. Unlike the general survey patterns, 
Cluster 2, characterized by a higher representation of hobby farmers, 

expressed the highest proportion of disagreeing views (22%), when 
compared with the overall value of 17%. Still, Cluster 1 (Agree) and 
Cluster 2 (Disagree) have similar total percentages for the combined 
responses to “Strongly Agree” and “Agree” (73.0 and 66.8%, respectively), 
indicating that participants in Cluster 2 express varied levels of agreement. 
Cluster 2 also showed lower percentages of full-time farmers compared 
to the overall total (22.3% compared to 52.1%). Participants in this 
category equally reported making an income from their property and had 
diverse education levels, but only 2.8% of respondents in this cluster held 
University qualifications. Cluster 3, the most expansive group, adopts a 
neutral stance, comprising 60.3% of the overall sample and featuring a 
mix of occupations. In this cluster, there was a lower percentage of full-
time farmers compared to how many full-time farmers completed the 
survey overall (22.3% vs. 52.1%). Cluster 2, the slightly more disagreeing 
group, had a higher percentage of respondents who did not receive an 
income from their property and had the highest percentage of smaller 
properties (between 0–50 ha, 42.5%). Notably, it stands out with a higher 
presence of individuals from regions experiencing lower rainfall. 
Meanwhile, Clusters 1 and 3 show differences in terms of occupation and 
income, with Cluster 1 having more full-time farmers (50.4%), residing 
in Tasmania (39.8%) and slightly higher percentages living on their 
property compared with overall survey trends (88.1% vs. 83.6%) 
(Figures 3, 4).

3.3 Modeled outcomes

The Gelman-Rubin statistic (Rhat) evaluated the convergence of 
the Markov Chain Monte Carlo (MCMC) chains. For all model 
parameters, Rhat values were observed to be close to 1, indicating 
excellent convergence. Additionally, the Effective Sample Size (ESS) 
was calculated to assess the efficiency of our MCMC sampling. The 
ESS values for the bulk and tail of the distribution were consistently 
high, exceeding 2,000 for each parameter, signifying sufficient effective 
samples for drawing reliable inferences.

To identify potential issues with the MCMC sampling, 
we examined the trace plots and identified no irregular patterns or 
trends, affirming the stability of the chains. We performed posterior 
predictive checks, including graphical assessment and p-values, to 
evaluate the model’s ability to replicate the observed data. The results 
of these checks indicated a good fit, with p-values ranging from 3.75 
to 10.8, confirming agreement between the model predictions and the 
observed data. Additionally, the R-hat values of 1.00 indicate that the 
model has converged well, and the high effective sample sizes (ESS) 
suggest that the estimates are reliable. These findings support the 
robustness of the regression analysis.

Cluster membership indicated the strongest positive influence 
0.52 (95% CI: 0.37 to 0.67) on the agreement that humans are causing 
climate change, indicating that this was a salient influence linking with 
other demographic and geographic categories. This was followed by 
education of 0.32 (95% CI: 0.22 to 0.41). Gender was a moderately 
uncertain predictor but indicated a positive estimate of 0.36 (95% CI: 
0.09 to 0.64). Years residing on the property, participant age and size 
of the property had estimates closer to zero. Rainfall zones also had 
negative estimate of-0.29 (95% CI: −0.47 to-0.12).

This means that (when all other predictors are held constant), the 
odds of a higher agreement was 1.68 times higher for individuals in the 
“Agree” cluster compared to the “Neutral” cluster. For education, the 

TABLE 2 Variables included in a Bayesian Ordinal Regression model 
determining the level of agreement that humans are driving climate 
change.

Variable Variable 
categories

Use Type

Years farm in 

family

[0–20), [20–40), 

[40–60), [60–80), 

[80–100), [100–120), 

[120–140), [140–

160), [160–180), 

[180–200)

Explanatory 

predictor

Ordered 

factor

Age (years) [10–20), [20–30), 

[30–40), [40–50), 

[50–60), [60–70), 

[80–90), [90–100)

Explanatory 

predictor

Ordered 

factor

Land area (ha) [0–50), [50–200), 

[200–500), [500-Inf)

Explanatory 

predictor

Ordered 

factor

Occupational id Full-time farmer, (1) 

Part-time farmer, (2) 

Hobby farmer, (3) 

Non-farmer (4)

Explanatory 

predictor

Ordered 

factor

Rainfall zone* Low (1), Medium (2), 

High (2)

Explanatory 

predictor

Ordered 

factor

Gender Male (1), Family or 

Non-binary (2) 

Female (3)

Explanatory 

predictor

Ordered 

factor

Highest level of 

education

None (1), Year10 (2), 

Year12 (3), Tafe (4), 

University (5)

Explanatory 

predictor

Ordered 

factor

Belief in human 

activities are 

driving climate 

change

Strongly Disagree, 

Disagree, Neutral, 

Agree, Strongly 

Agree

Response Ordered 

factor

For “()” shown in Variable Categories, the number refers to the coding of this variable for the 
purposes of performing a regression analysis. *Rainfall zones were self-nominated (High, 
Medium, Low) and were not based on an empirical classification for the regions average 
annual rainfall.
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TABLE 3 General survey trends for participant responses to the question: humans activities are driving climate change.

Strongly 
disagree

Disagree Neutral Agree Strongly agree Overall

(N  =  72) (N  =  159) (N  =  326) (N  =  445) (N  =  391) (N  =  1,393)

Cluster

Cluster 1: More likely 

to agree (agree)

18 (25.0%) 76 (47.8%) 168 (51.5%) 263 (59.1%) 303 (77.5%) 828 (59.4%)

Cluster 3: More likely 

neutral (neutral)

42 (58.3%) 55 (34.6%) 104 (31.9%) 81 (18.2%) 28 (7.2%) 310 (22.3%)

Cluster 2: More likely 

to disagree (disagree)

12 (16.7%) 28 (17.6%) 54 (16.6%) 101 (22.7%) 60 (15.3%) 255 (18.3%)

Occupation

Full-time farmer 49 (68.1%) 106 (66.7%) 212 (65.0%) 228 (51.2%) 154 (39.4%) 749 (53.8%)

Hobby farmer 6 (8.3%) 15 (9.4%) 33 (10.1%) 70 (15.7%) 89 (22.8%) 213 (15.3%)

Non-farmer 2 (2.8%) 10 (6.3%) 16 (4.9%) 44 (9.9%) 55 (14.1%) 127 (9.1%)

Part-time farmer 10 (13.9%) 19 (11.9%) 43 (13.2%) 79 (17.8%) 72 (18.4%) 223 (16.0%)

Missing 5 (6.9%) 9 (5.7%) 22 (6.7%) 24 (5.4%) 21 (5.4%) 81 (5.8%)

Made an income on property

No 13 (18.1%) 20 (12.6%) 54 (16.6%) 108 (24.3%) 142 (36.3%) 337 (24.2%)

Yes 59 (81.9%) 139 (87.4%) 272 (83.4%) 337 (75.7%) 249 (63.7%) 1,056 (75.8%)

Reside on property

No 9 (12.5%) 21 (13.2%) 45 (13.8%) 64 (14.4%) 63 (16.1%) 202 (14.5%)

Yes 62 (86.1%) 135 (84.9%) 278 (85.3%) 378 (84.9%) 321 (82.1%) 1,174 (84.3%)

Missing 1 (1.4%) 3 (1.9%) 3 (0.9%) 3 (0.7%) 7 (1.8%) 17 (1.2%)

Gender

Female 4 (5.6%) 19 (11.9%) 20 (6.1%) 64 (14.4%) 94 (24.0%) 201 (14.4%)

Male 68 (94.4%) 131 (82.4%) 285 (87.4%) 365 (82.0%) 262 (67.0%) 1,111 (79.8%)

Family or Non-binary 0 (0%) 9 (5.7%) 20 (6.1%) 16 (3.6%) 34 (8.7%) 79 (5.7%)

Missing 0 (0%) 0 (0%) 1 (0.3%) 0 (0%) 1 (0.3%) 2 (0.1%)

Made a net profit from property

No 19 (26.4%) 52 (32.7%) 109 (33.4%) 188 (42.2%) 171 (43.7%) 539 (38.7%)

Yes 47 (65.3%) 93 (58.5%) 188 (57.7%) 207 (46.5%) 165 (42.2%) 700 (50.3%)

Missing 6 (8.3%) 14 (8.8%) 29 (8.9%) 50 (11.2%) 55 (14.1%) 154 (11.1%)

Highest education obtained

None 8 (11.1%) 22 (13.8%) 43 (13.2%) 72 (16.2%) 55 (14.1%) 200 (14.4%)

Year10 25 (34.7%) 58 (36.5%) 101 (31.0%) 96 (21.6%) 54 (13.8%) 334 (24.0%)

Year12 18 (25.0%) 27 (17.0%) 64 (19.6%) 144 (32.4%) 212 (54.2%) 465 (33.4%)

Technical and Further 

Education (Tafe)

13 (18.1%) 34 (21.4%) 78 (23.9%) 95 (21.3%) 46 (11.8%) 266 (19.1%)

University 3 (4.2%) 6 (3.8%) 21 (6.4%) 14 (3.1%) 16 (4.1%) 60 (4.3%)

Missing 5 (6.9%) 12 (7.5%) 19 (5.8%) 24 (5.4%) 8 (2.0%) 68 (4.9%)

Location

New South Wales 30 (41.7%) 61 (38.4%) 103 (31.6%) 170 (38.2%) 131 (33.5%) 495 (35.5%)

South Australia 26 (36.1%) 58 (36.5%) 122 (37.4%) 105 (23.6%) 62 (15.9%) 373 (26.8%)

Tasmania 7 (9.7%) 22 (13.8%) 60 (18.4%) 108 (24.3%) 157 (40.2%) 354 (25.4%)

Western Australia 9 (12.5%) 18 (11.3%) 41 (12.6%) 62 (13.9%) 41 (10.5%) 171 (12.3%)

Rainfall zone

(Continued)
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TABLE 3 (Continued)

Strongly 
disagree

Disagree Neutral Agree Strongly agree Overall

(N  =  72) (N  =  159) (N  =  326) (N  =  445) (N  =  391) (N  =  1,393)

Low 37 (51.4%) 80 (50.3%) 157 (48.2%) 209 (47.0%) 204 (52.2%) 687 (49.3%)

Medium 16 (22.2%) 36 (22.6%) 77 (23.6%) 110 (24.7%) 80 (20.5%) 319 (22.9%)

High 14 (19.4%) 29 (18.2%) 55 (16.9%) 90 (20.2%) 76 (19.4%) 264 (19.0%)

Missing 5 (6.9%) 14 (8.8%) 37 (11.3%) 36 (8.1%) 31 (7.9%) 123 (8.8%)

Crops produced on property

No 23 (31.9%) 43 (27.0%) 102 (31.3%) 231 (51.9%) 259 (66.2%) 658 (47.2%)

Yes 49 (68.1%) 116 (73.0%) 224 (68.7%) 213 (47.9%) 132 (33.8%) 734 (52.7%)

Missing 0 (0%) 0 (0%) 0 (0%) 1 (0.2%) 0 (0%) 1 (0.1%)

Property used for grazing

No 11 (15.3%) 25 (15.7%) 49 (15.0%) 78 (17.5%) 114 (29.2%) 277 (19.9%)

Yes 61 (84.7%) 134 (84.3%) 277 (85.0%) 367 (82.5%) 277 (70.8%) 1,116 (80.1%)

Missing 0 (0%) 0 (0%) 0 (0%) 0 (0.0%) 0 (0%) 1 (0.1%)

Years property has been owned by you or your family

[0–20) 24 (33.3%) 44 (27.7%) 65 (19.9%) 137 (30.8%) 181 (46.3%) 451 (32.4%)

[20–40) 8 (11.1%) 22 (13.8%) 57 (17.5%) 92 (20.7%) 85 (21.7%) 264 (19.0%)

[40–60) 8 (11.1%) 35 (22.0%) 51 (15.6%) 71 (16.0%) 32 (8.2%) 197 (14.1%)

[60–80) 14 (19.4%) 20 (12.6%) 35 (10.7%) 38 (8.5%) 13 (3.3%) 120 (8.6%)

[80–100) 11 (15.3%) 18 (11.3%) 55 (16.9%) 52 (11.7%) 26 (6.6%) 162 (11.6%)

[100–120) 3 (4.2%) 12 (7.5%) 35 (10.7%) 19 (4.3%) 15 (3.8%) 84 (6.0%)

[120–140) 3 (4.2%) 3 (1.9%) 12 (3.7%) 11 (2.5%) 11 (2.8%) 40 (2.9%)

[140–160) 0 (0%) 0 (0%) 6 (1.8%) 10 (2.2%) 10 (2.6%) 26 (1.9%)

[160–180) 0 (0%) 0 (0%) 2 (0.6%) 0 (0%) 2 (0.5%) 4 (0.3%)

[180–200) 0 (0%) 0 (0%) 0 (0%) 4 (0.9%) 5 (1.3%) 9 (0.6%)

Missing 1 (1.4%) 5 (3.1%) 8 (2.5%) 11 (2.5%) 11 (2.8%) 36 (2.6%)

Age (years)

[20–30) 0 (0%) 3 (1.9%) 7 (2.1%) 5 (1.1%) 9 (2.3%) 24 (1.7%)

[30–40) 7 (9.7%) 12 (7.5%) 26 (8.0%) 35 (7.9%) 29 (7.4%) 109 (7.8%)

[40–50) 7 (9.7%) 35 (22.0%) 48 (14.7%) 70 (15.7%) 67 (17.1%) 227 (16.3%)

[50–60) 17 (23.6%) 36 (22.6%) 92 (28.2%) 111 (24.9%) 108 (27.6%) 364 (26.1%)

[60–70) 26 (36.1%) 37 (23.3%) 89 (27.3%) 132 (29.7%) 100 (25.6%) 384 (27.6%)

[70–80) 11 (15.3%) 22 (13.8%) 51 (15.6%) 70 (15.7%) 57 (14.6%) 211 (15.1%)

[80–90) 3 (4.2%) 10 (6.3%) 5 (1.5%) 10 (2.2%) 7 (1.8%) 35 (2.5%)

[90–100) 0 (0%) 0 (0%) 0 (0%) 1 (0.2%) 0 (0%) 1 (0.1%)

Missing 1 (1.4%) 4 (2.5%) 8 (2.5%) 11 (2.5%) 14 (3.6%) 38 (2.7%)

Property area (ha)

[0–50) 6 (8.3%) 18 (11.3%) 39 (12.0%) 100 (22.5%) 145 (37.1%) 308 (22.1%)

[200–500) 10 (13.9%) 16 (10.1%) 38 (11.7%) 49 (11.0%) 30 (7.7%) 143 (10.3%)

[50–200) 9 (12.5%) 20 (12.6%) 30 (9.2%) 80 (18.0%) 81 (20.7%) 220 (15.8%)

[500-Inf) 47 (65.3%) 96 (60.4%) 204 (62.6%) 201 (45.2%) 123 (31.5%) 671 (48.2%)

Missing 0 (0%) 9 (5.7%) 15 (4.6%) 15 (3.4%) 12 (3.1%) 51 (3.7%)

Responses are grouped according to demographic information and cluster membership – which was statistically determined by clustering similar survey responses in relation to behavioral 
beliefs, normative beliefs and control beliefs. The clusters have been labeled in relation to their relative views on climate. Summaries are presented by the number (n) and proportional 
responses (%) in each response category (Strongly Disagree: Strongly Agree).
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odds of higher agreement are 1.38 times for each one-order increase in 
education level. For gender, this means that the odds of higher 
agreement for respondents who identified as women was 1.43 times 
higher than men. Finally, the odds of agreement decrease by 0.75 times 
for each decrease in rainfall zone (i.e., high to moderate) (Figure 5).

4 Discussion

The combustion of fossil fuels for energy production, industrial 
processes, and transportation releases significant carbon-dioxide and 

other gasses into the atmosphere, amplifying natural greenhouse 
effects. Additionally, habitat loss and certain agricultural practices 
contribute to these emissions, further exacerbating climate change, 
notably extreme weather patterns and increasing seasonal variability 
(IPCC Climate Change, 2013; Allen et al., 2018). Changes in climatic 
conditions over the last few decades have significantly impacted many 
Australian farming enterprises (Whish et al., 2014; Smith et al., 2018). 
In the drought of 2019, Australia recorded its driest year on record 
(ABARES, 2022); followed by the widespread “Black Summer” 
bushfires of the 2019–20 Australian bushfire season (Burgess et al., 
2020); and then by nationwide flooding in 2022. Increasingly frequent 

FIGURE 3

Respondent agreement that humans are driving climate change. Panels (A–F) represent participants’ demographics. (A) Does the participant reside on 
the property?; (B) Participant’s gender; (C) If the participant made an income from their farm in the survey year (2019); (D) Highest education obtained. 
Tafe stands for Technical and Further Education; (E) What is the participant’s job description; (F) The participant’s self-nominated rainfall zone. Each bar 
on corresponds to the total number of participants within the demographic category, color-coded based on their response and separated by their 
cluster allocation.
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weather extremes requires better preparation for future extreme 
events (McDonald, 2021). This includes how to adapt to changes in 
seasonal conditions that are likely impacts on farmer livelihoods. 
Indeed, the seasonal economic impacts are already showing a negative 
trend for farm profits. For example, Hughes et al. (2022) indicate that 
average farm profits in Australia from 2001 to 2020 have dropped an 
estimated 23% per farm, with impacts set to increase into the future.

Enterprises are faced with a need to adapt to climate challenges 
such as changes in seasonal patterns of water availability and prepare 
for increasing weather events that decrease or destroy crop yields. Yet 
there are long established principles within the literature suggesting 
that barriers for rural landholder adoption of pro-environmental 
behavior are because landholders are not sufficiently convinced that 
such management practices will advance their goals in a way that 
outweighs the costs (Pannell et al., 2006). Private land enterprises play 
a pivotal role in mitigating and adapting to climate change. However, 
the success of mitigation initiatives depends on fostering a shared 
understanding of the drivers of climate change mitigation activities, 
necessitating further research and concerted efforts toward building 

awareness and consensus within the agricultural community (Hogan 
et al., 2011). Nevertheless, despite the increase in extreme weather 
events (Coumou and Rahmstorf, 2012; Clarke et al., 2022), our results 
indicate that many private landholders remain surprisingly neutral in 
their belief that humans are driving climate change, despite being at 
the forefront of extreme weather impacts.

We found that cluster membership strongly influenced 
perspectives on climate change by private landholders. Cluster 
membership was determined based on patterns of responses to 
individual’s beliefs, experiences and normative views. Thus, while 
it may be considered appropriate to target communication activities, 
including those relating to climate change impacts, based on 
demographic characteristics, our results highlight the need to 
consider psycho-social factors as well. This finding is corroborated 
by other studies showing that concern for environmental issues are 
sometimes, but not always, shaped by proximity to negative 
environmental impacts (McDonald et al., 2015).

Private land enterprises are at the front line in terms of both 
mitigation potential and vulnerability to impacts from climate change 

FIGURE 4

Respondent agreement that humans are driving climate change. Panels (A–D) represent participants’ demographics. (A): Location; (B) Age (years) as 
categorical bins; (C) Years property has been owned or owned by family members; (D) Property size (ha) in categorical bins. Each dot on corresponds 
to the total number of participants within the demographic category, color-coded based on their response and separated by their cluster allocation.
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(Arbuckle et  al., 2015; Soubry et  al., 2020). Indeed, recent evidence 
suggests that a shift in beef production areas, changing feed composition 
and strategic land regeneration could enable emissions reductions of up 
to 85% globally (Castonguay et al., 2023). Still, these efforts rely on a 
shared understanding about the drivers of climate change, with the 
success of these initiatives underpinned by a shared understanding of the 
drivers of climate change. This necessitates further research and 
concerted efforts toward building awareness and consensus within the 
agricultural community (Hogan et  al., 2011). For example, recent 
advancements in the study of agricultural discourse have pointed to the 
extractivist underpinnings of traditional agriculture (Gordon et  al., 
2023). Some authors have criticized approaches that unsustainably draw 
on human and natural resources (Anderson and Rivera-Ferre, 2021), 
particularly where practices cause ecological damage and the 
displacement of First Nations peoples (Leventon et al., 2021). Addressing 
the extractivist underpinnings of industrial agriculture and critiquing 
unsustainable practices is vital for shifting agricultural systems to more 
sustainable practices, including those practices that reduce emissions.

For example, decreasing nutrient availability, coupled with 
increased soil compaction and erosion have been predicted to 
be  sources of economic risk to farmers (Howden et  al., 2007; 
McCarl, 2010; Arbuckle et al., 2015). Likewise, the results of our 
clustering analyses reveal that issues of soil compaction, declining 
nutrients and low biological activity were significantly different 
between clusters. However, issues of soil erosion were not 
significantly different. This is not to say private landholders did 
not experience soil erosion issues, rather, that the majority of 
landholders across all clusters were either neutral (the disagree 
cluster, mean response = 2.74) or agreed (the agree and neutral 
clusters, respective means = 4.02 and 3.74) that soil erosion was a 
problem on their property (See Supplementary Table S9). This 

highlights soil erosion as a common issue among private 
landholders meaning that extension or communication activities 
that target soil erosion will likely draw the participation of 
individuals with varying climate beliefs.

Nevertheless, engaging with private landholders in relation to 
practice shifts will require an understanding of people’s values, 
normative views and beliefs. While climate change impacts increase 
the volatility of seasonal conditions, decisions for farm management 
reflect conditions experienced over several years (Park et al., 2012). 
For example, Robertson and Murray-Prior (2016) argue that, among 
other factors, the time-frames for farmer decision making are 
incompatible with the time horizons needed to consider climate 
change impacts. Our cluster analyses reveals that more individuals in 
the ‘Agree’ cluster indicated they had experienced the negative 
impacts of changing weather patterns (Supplementary Table S9). 
Furthermore, results of the cluster analysis suggests significant 
differences in lived experience regarding sufficient water for their 
livestock, with the agree cluster indicating having higher responses 
of individuals from whom water security was an issue (See Section 
2.4 of Supplementary information). Consequently, the relationship 
between water availability as it impacts the temporal scale of farm 
decision-making is likely to influence climate related beliefs.

While we identify some factors that influence climate disbelief, 
there is an emerging and urgent need to understand the drivers of 
neutrality and then to design proactive measures addressing 
challenges faced by farming enterprises.

The documented negative trends in farm profits and the substantial 
economic impacts of recent extreme events highlight the vulnerability 
of the agricultural sector. Overcoming barriers to the adoption of 
pro-environmental practices among landholders is crucial for the 
broadscale implementation of effective climate adaptation strategies. 

FIGURE 5

Influence of demographic characteristics and cluster membership on agreement that humans are causing climate change. Parameter estimates are 
Bayesian posterior median values and 95% CI for the 8 covariates (y-axis) The multinomial model provided estimates for respondent’s level of 
agreement that humans are causing climate change. Positive response estimates are indicated in blue; negative is indicated in yellow.

https://doi.org/10.3389/fsufs.2024.1392746
https://www.frontiersin.org/journals/sustainable-food-systems
https://www.frontiersin.org


Hernandez et al. 10.3389/fsufs.2024.1392746

Frontiers in Sustainable Food Systems 12 frontiersin.org

Landholders have a key role to play in mitigating climate change 
through their land and farm management practices and approaches.

5 Conclusion

Engaging with private landholders requires an understanding of the 
factors influencing people’s behavioral beliefs, normative beliefs and 
control beliefs, which we have examined here in relation to climate 
beliefs. While demographic trends in climate-related beliefs may suggest 
broad associations, our results suggest that relying solely on 
demographics may oversimplify the complexity of individual 
perspectives within specific communities, such as the farming sector. 
Despite overarching trends indicating that individuals with higher 
education levels or women may be more likely to support climate-related 
beliefs, the nuanced reality among farmers challenges these 
generalizations. For example, the majority of farmers surveyed have 
educational backgrounds ranging from year 10 to year 12, and responses 
predominantly come from male participants. Members from the ‘agree’ 
cluster tended to have completed year 12 as the highest education level 
attained. This contrasts with broader demographic trends which suggest 
that agreement was common for individuals who continued on to 
university. While this may be an unexpected finding, this reinforces that 
demographic patterns among private landholders may not reflect general 
population trends (Statistics, Australian Demographic, 2010) and in such 
contexts, demographic factors alone may obfuscate the underlying trends 
in climate related beliefs when they fail to account for individual 
behavioral beliefs, normative beliefs and control beliefs.

Farmers’ lived experiences, particularly the extent to which they 
have experienced land management issues, may play a crucial role in 
influencing their beliefs about climate change, and, possibly their 
decisions related to sustainable land management practices. As 
previous studies have mentioned, the value of nature and sustainability 
can sometimes elicit disparaging attitudes, even among the 
conservation sector (Vucetich et al., 2015). In agricultural contexts, 
individuals may hold neutral or negative climate related beliefs due to 
a perceived displacement of rural economies by increased land zoning 
for nature (Lambin and Meyfroidt, 2011) which may influence climate 
related attitudes.

Understanding how psycho-social continue to shape individual 
perspectives is crucial for designing effective extension activities that 
aim to promote the adoption of sustainable and regenerative land 
management practices, particularly those geared toward reducing 
carbon emissions and sequestering carbon on private farms. 
Recognizing the diversity of viewpoints within the farming community 
ensures that outreach efforts are more tailored and responsive to the 
specific needs, values, and experiences of farmers, fostering a more 
inclusive and impactful approach to climate change mitigation and 
adaptation. Future research should explore more closely the effect of 
neutral attitudes on the willingness to implement land management 
practices that reduce emissions, both within and outside the 
Australian context.
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