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ABSTRACT
Sustainable bioenergy is central to climate change mitigation, yet biomass supply depends not only on biophysical and economic 
assessments but also on farmers' decision-making. Straw from cereal and oilseed crops can support renewable energy, but its 
availability is constrained by on-farm uses, management practices, and farmers' access to knowledge of sustainable soil manage-
ment. Because straw removal affects soil organic carbon (SOC) stocks, which underpins soil fertility, nutrient cycling, and carbon 
sequestration, understanding farmers' motivations and informational needs is critical to support sustainable straw management. 
We examined the determinants of straw management among farmers in Scania County, southern Sweden, testing three hypoth-
eses: that manure application increases the likelihood of straw removal, that a higher proportion of leased land promotes straw 
removal, and that humus-rich soils are associated with a higher probability of straw removal. Survey data from 2021 (n = 94 ce-
real and oilseed farmers) were analysed using Bayesian Additive Regression Trees (BART) combined with SHapley Additive ex-
Planations (SHAP) values; we quantified the influence of farm characteristics and expectations, integrating a farmers' expected 
utility framework. Results show that manure application increases removal probability, whereas a higher share of leased land 
reduces it. Removal was most frequent on soils with intermediate humus content. Cluster analysis identified three farmer pro-
files, revealing heterogeneous motivations and knowledge gaps, particularly regarding soil humus content, and underscoring the 
need for context-specific communication strategies. These findings demonstrate that similar straw management behaviours can 
arise from diverse motivations and local conditions. Linking expectations, soil properties, and practices provides actionable in-
sights for targeted advisory and policy measures that balance agronomic and economic outcomes with long-term SOC-mediated 
fertility, carbon sequestration, and ecosystem services.

1   |   Introduction

According to the Intergovernmental Panel on Climate Change 
(IPCC), sustainable bioenergy is among the low-carbon energy 
sources projected to expand significantly in most mitigation 
pathways that limit global warming to 1.5°C–2°C, contributing 
to the rapid decarbonisation of the energy supply sector (Riahi 

et  al.  2022). In alignment with this global mitigation context, 
the European Union (EU) has established targets through the 
European Green Deal (European Council 2025) and the revised 
Renewable Energy Directive (RED III), which specify that at 
least 42.5% of the EU's gross final energy consumption should 
come from renewable sources by 2030 (EU  2023a). Biomass, 
currently the largest source of renewable energy in the EU 
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(EEA 2025), is anticipated to contribute to these targets by re-
placing fossil fuels in energy production and serving as a feed-
stock for bio-based materials and products.

The potential to expand biomass production sustainably de-
pends on aligning technical, environmental, and economic 
assessments with practical decision-making by landowners, 
particularly farmers. Straw from cereal and oilseed crops is 
identified in policy frameworks as a potential feedstock due to 
its high productivity and limited direct competition with food 
production (Imperial College 2021). Despite technical assess-
ments indicating substantial biophysical potentials, the mar-
ket availability of straw remains limited. Previous research 
suggests that straw is commonly used within farming sys-
tems, for example, as animal bedding, which reduces its avail-
ability for external markets (Townsend et  al.  2018; Blennow 
et al. 2026).

The limited incorporation of farmers' perspectives in biomass 
potential assessments can result in inaccurate estimates of 
available biomass supply and policy expectations (e.g., Anander 
et al. 2024). Studies have documented that market uncertain-
ties and price sensitivity can influence farmers' willingness to 
remove or sell biomass (Giannocarro et  al.  2017; Gérard and 
Jayet  2013; Thomson Ek et  al.  2024), although this relation-
ship is not consistent across contexts. For instance, Blennow 
et  al.  (2026) reported that the supply of cereal and oilseed 
straw was more strongly associated with factors such as land 
tenure and straw end-use than with price. Land tenure reflects 
farmers' incentives and constraints related to soil fertility man-
agement. Farmers who lease a large share of their land may 
operate with shorter planning horizons or have weaker incen-
tives to invest in long-term soil fertility. Since manure use is 
an important factor in maintaining soil organic matter, it can 
also shape decision-making on whether to retain or remove 
straw. Understanding how these factors interact with soil fer-
tility management is therefore critical for interpreting straw 
management practices and their implications for sustainable 
biomass supply. These interactions can be interpreted through 
expected utility theory (von Neumann and Morgenstern 1944), 
where farmers weigh short-term gains against long-term soil 
fertility and climate-related outcomes when deciding whether 
to remove straw.

Straw management is not only a matter of nutrient supply and 
farming systems but is also central to maintaining soil organic car-
bon (SOC), which sustains soil fertility through improved struc-
ture, water retention, and nutrient cycling. Decisions to retain or 
remove straw thus have implications for SOC-mediated climate 
mitigation: retaining straw contributes to carbon sequestration, 
whereas removal provides biomass for renewable energy. Framing 
straw management in terms of expected utility allows these mul-
tiple objectives to be incorporated into farmers' decision-making 
analysis. Both straw use for bioenergy and straw retention for 
SOC are motivated by climate change mitigation: while bioenergy 
substitutes fossil fuels, initiatives such as the 4 per mille program 
(Minasny et  al.  2017) stress that increasing SOC stocks by 0.4% 
annually could offset global CO2 emissions over 20 years (Martin 
et al. 2021). Farmers' choices on straw removal or retention thus 

influence both soil fertility and climate mitigation, yet bioenergy 
strategies rarely address their informational needs or decision-
making contexts (e.g., Scarlat et al. 2019).

This study identifies the motivations and communication needs 
of farmers in southern Sweden regarding the potential supply 
of cereal and oilseed straw for energy and bio-based materials. 
Using a problem-feeding approach (Thorén and Persson  2013; 
Persson et al. 2018), challenges in practical agriculture were iden-
tified and investigated through a survey (Blennow et al. 2026). 
By analyzing decision-making, we assess factors associated with 
straw removal and the types of information and policy support 
farmers need.

Declining SOC levels in Swedish agricultural soils raise concerns 
about sustainability (Barrios Latorre, Björnsson, and Prade 2024). 
Simulations show that safe removal rates vary spatially (Barrios 
Latorre, Aronsson, et  al.  2024). Farmers' expected impacts on 
fertility strongly influence decision-making; for example, 90% 
of Dutch farmers intend to increase soil organic matter (SOM) 
(Hijbeek et al. 2018). Although SOM and SOC are not identical, 
they are closely correlated, suggesting similar patterns in Sweden: 
farmers managing soils with higher humus content may be more 
confident in removing straw, whereas those with lower SOC may 
retain the straw to protect fertility. Conversely, farmers with lower 
SOC levels may retain straw to protect soil fertility.

Specifically, we test the following hypotheses:

1.	 The likelihood of straw harvest removal is higher among 
farmers who apply manure compared to those who do not 
(cf. Blennow et al. 2026).

2.	 A higher proportion of leased land is positively associated 
with straw harvest removal decision-making (cf. Blennow 
et al. 2026).

3.	 Farmers managing humus-rich soils are more likely to en-
gage in straw harvest removal decision-making than farm-
ers managing soils with lower humus content (cf. Hijbeek 
et al. 2018).

Testing these hypotheses through the lens of expected util-
ity enables us to interpret observed behaviours as utility-
maximising decisions under uncertainty a, rather than as 
simple descriptive patterns. The decision-making analysis 
applied in this study builds on a framework developed by 
Persson et  al.  (2020) and Blennow et  al.  (2020), further de-
scribed in Blennow et al. (2021). This framework, which has 
previously been applied to studies of decision-making in cli-
mate change mitigation and adaptation (Blennow et al. 2021; 
Blennow, Carlsson, et al. 2025) and the cultivation of Populus 
spp. (Blennow, Anander, et al. 2025), uses survey data to as-
sess respondents' expected utility (sensu von Neumann and 
Morgenstern  1944) when deciding on the supply of biomass 
from cereal and oilseed straw. By linking individual be-
haviour to expected utility, the study highlights how farmer 
decisions simultaneously influence biomass availability and 
SOC-related climate outcomes, providing insights for both ad-
visory practices and policy design.
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2   |   Materials and Methods

2.1   |   Study Area

Scania County, located in southern Sweden (Figure S1), is dis-
tinguished by a substantial proportion of agricultural land, 
encompassing approximately 45% of its total area (Statistics 
Sweden  2023), and by a high concentration of agricultural 
enterprises. The county's arable soils are among the most 
fertile in Sweden, supporting intensive production of annual 
crops, primarily cereals (Swedish Board of Agriculture 2025). 
Notably, land use patterns exhibit considerable heterogene-
ity across the region: in the lowland coastal areas, agricul-
tural land constitutes 60%–81% of the landscape, whereas 
the northern central areas are predominantly forested, with 
agricultural land accounting for only 5%–19%. The interme-
diate zone between these areas is characterised by a more bal-
anced distribution of forest and farmland (Swedish Board of 
Agriculture 2025; Figure S1).

Animal husbandry, particularly cattle and dairy production, 
is predominantly concentrated in the forested and interme-
diate zones, while it is relatively uncommon in the lowland 
areas (Erlandsson 1999). In 2020, the total agricultural area in 
Scania encompassed 490,000 ha, of which arable land, exclud-
ing pasture, accounted for 435,000 ha, corresponding to 17% 
of Sweden's total arable area of 2.5 million hectares (Swedish 
Board of Agriculture 2025). Furthermore, Scania represents the 
largest contributor to Sweden's straw biomass potential, provid-
ing approximately 40% of the national potential for straw-based 
energy production (Börjesson 2021).

2.2   |   Data Collection

2.2.1   |   Survey Design and Sample Selection

Building on insights gained from an exploratory pre-study, a 
broad, unstratified internet-based survey was implemented 
to capture a diverse sample of farmers (Blennow et  al.  2026). 

Approximately 50% of members of the Federation of Swedish 
Farmers (LRF) in Scania were randomly selected and invited 
via e-mail by LRF to participate. The survey focused on the po-
tential supply of cereal and oilseed straw for energy and material 
applications, with a total sample size of 2558 respondents. The 
parent LRF membership group represents approximately 85% of 
all agricultural holdings recorded in Scania's farm register as of 
2020 (Swedish Board of Agriculture 2025).

The survey was administered in Scania using the Netigate plat-
form  (2024) for questionnaire development and distribution. 
Participants received a cover letter detailing the study's objec-
tives and clarifying the voluntary nature of participation (see 
Blennow et al. 2026).

2.2.2   |   Data Collection and Response Rate

The survey was launched on February 17, 2021, and remained 
open until April 23, 2021. One reminder was sent to all farmers 
in the sample to encourage participation.

The questionnaire consisted of 35 questions and is described in 
detail in Blennow et al. (2026). For this study, responses to ten 
questions were analysed (Table S1). These questions pertain to 
farm location and size, soil humus content, manure application, 
removal of cereal and oilseed straw, and respondents' expected 
impacts of cereal and oilseed straw removal.

A total of 174 responses were received, corresponding to a re-
sponse rate of 7%. Of these, 110 respondents had completed Q.7 
and Q.8 in Table  S1, corresponding to a response rate of 4%. 
After excluding 16 respondents who had not cultivated cereals 
and/or oilseed crops in 2020, 94 questionnaires remained for 
analysis, representing approximately 2% of the total farming 
community in Scania.

To assess potential structural bias, key characteristics of the an-
alytical sample were compared with regional agricultural statis-
tics (Table 1). Very small farms (< 10 ha) are underrepresented 

TABLE 1    |    Number of farms and arable land area by farm size category in Scania in 2020 (Swedish Board of Agriculture 2025) and in the sample, 
along with the share of regional arable land within each farm size class represented in the analytical sample.

Farm size (ha)

Farms in 
Scania in 
2020 (n)

Arable land in 
Scania (ha)

Farms in 
sample (n)

Arable land in 
sample (ha)

Fraction of 
available 
area (%)

0–2.0 749 227 — — —

2.1–5.0 1044 3958 2 5 < 1

5.1–10.0 1421 10,199 1 6 < 1

10.1–20.0 1110 15,756 9 175 1

20.1–30.0 584 14,412 7 182 1

30.1–50.0 701 27,498 11 479 2

50.1–100.0 862 61,727 24 1773 3

100.1 — 1112 301,184 39 12,033 4

Total 7583 434,961 94 14,650 —
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in the sample. However, these farms account for only a small 
fraction of total regional arable land represented in the sample. 
Medium and large farms (> 50 ha), which manage most of the 
cereal and oilseed area relevant for straw production, are more 
strongly represented. The analytical sample corresponds to ap-
proximately 3% of total arable land in Scania. Consequently, 
while the sample is not statistically representative in terms of 
farm numbers, it reflects the distribution of arable land among 
active producers relevant to straw management. The study 
therefore focuses on analyzing relationships between farm 
characteristics, farmer expectations, and management decisions 
rather than estimating regional adoption rates.

2.3   |   Data Preparation

In line with the methodology described by Persson et al. (2020) 
and Blennow et  al.  (2020), we calculated the Net Value of 
Expected Impacts (NVEI) for the decision to remove cereal and 
oilseed straw from arable land (see Q.5 in Table S1). The NVEI 
was derived by summing the net scores of paired positive and 
negative expectations associated with each biomass provision 
decision (see Q.7 and Q.8 in Table S1).

For each expectation, responses of “Yes, always” were assigned 
a value of +4 (for positive expectations) or −4 (for negative ex-
pectations), while “Often” responses were assigned +3 or −3, 
respectively. All other response options (e.g., “Seldom,” “Never,” 
“Don't know”) were scored as 0. These scores were aggregated 
across relevant items for each respondent to calculate the overall 
NVEI score. Partial NVEI scores, ranging from −4 to 4, were 
also computed to quantify the contribution of individual sub-
questions (i.e., specific expectations).

We examined correlations among the NVEI components (Q.7 
and Q.8) using Spearman rank correlation. Correlations were 
generally moderate (0.2–0.45), with a higher correlation be-
tween soil structure and humus content effect (0.88), reflecting 
that farmers perceive these outcomes as closely related. These 
results indicate that the items capture related but distinct as-
pects of expected impacts, supporting their aggregation into the 
composite NVEI score.

In this study, the terms “risk” and “opportunity” are used as 
shorthand for negative and positive expected consequences 
within an expected utility framework. They do not refer to 
formal risk preferences or outcome variability, but to farmers' 
subjective evaluation of anticipated impacts across economic, 
agronomic, environmental, and management goals.

2.4   |   Statistical Analysis and Machine Learning 
Modelling

Bayesian methods were chosen for their robustness in handling 
small and unevenly distributed datasets. Unlike frequentist 
techniques, Bayesian inference provides credible parameter 
estimates and posterior probabilities even with limited sample 
sizes (McElreath 2016). This approach also enables direct prob-
abilistic statements about group differences. All analyses were 
conducted in R version 4.4.1 (R Core Team 2024).

To assess the strength of evidence, we applied Jeffreys'  (1939) 
interpretation scale (see Table  S2). Weakly informative priors 
were incorporated to stabilise the estimation process, ensuring 
minimal impact on posterior distributions and preserving clar-
ity following Jeffreys' scale.

2.4.1   |   Machine Learning Modelling

We applied Bayesian Additive Regression Trees (BART) to model 
the probability of removing cereal and/or oilseed straw in 2020 
(Removal, Q.5 in Table  S1), using NVEI scores as a predictor, 
with the bartMachine package in R (Kapelner and Bleich 2016). 
BART is a non-parametric machine learning technique that 
constructs a collection of shallow regression trees, with each 
tree adding incrementally to the overall prediction. The method 
uses a Bayesian approach to regularise the model and reduce 
the risk of overfitting. To further assess model performance and 
guard against overfitting, we applied 5-fold cross-validation, in 
which the data were randomly split into five subsets, with each 
subset used once as a test set while the remaining four subsets 
were used for training. The probabilistic outputs of BART were 
interpreted as the probability of choosing to remove straw.

Additional predictors were included to test the hypotheses and 
to guide the identification of communication needs: the share of 
leased land (Lease share), manure application (Manure, includ-
ing manure from own animals and external livestock), and the 
predominant humus content of farm soils (Humus content).

Model performance was evaluated using the Area Under the 
Curve (AUC) of the Receiver Operating Characteristic (ROC), 
representing the probability that a model ranks a randomly 
chosen positive instance higher than a randomly chosen neg-
ative instance. Model interpretation was supported by Partial 
Dependence Plots (PDPs) generated using the ICEbox package 
(Goldstein et al. 2015).

2.4.2   |   Hypothesis Testing and Effect Direction

To assess the statistical significance of individual predictors 
in the BART model, we performed permutation tests using the 
bartMachine package in R (Kapelner and Bleich  2016). This 
method involves repeatedly shuffling the values of a predictor 
variable while keeping all other variables fixed and recalcu-
lating the model's performance for each permutation. The ob-
served difference in model performance is then compared to 
the distribution of differences obtained under the null hypoth-
esis (random permutations), allowing computation of a p-value. 
Predictors with p-values less than the significance threshold of 
α = 0.05 were considered statistically significant. This approach 
provides a robust, non-parametric way to test predictor impor-
tance without relying on distributional assumptions.

However, permutation tests do not indicate whether effects are 
positive or negative.

Therefore, to determine the direction and magnitude of the rela-
tionships, we calculated SHAP (SHapley Additive exPlanations) 
values using the iml package (Molnar et  al.  2018), visualised 
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with the shapviz package (Mayer  2025). SHAP values decom-
pose each prediction into additive contributions from predictors, 
indicating whether a predictor increases or decreases the proba-
bility of straw removal for each observation.

To examine differences between groups of respondents, we 
conducted Bayesian proportion tests. This test was performed 
using a non-informative prior with a prior probability of 0.5 
and was implemented using the R package Bayesian First Aid 
(Bååth 2014).

2.4.3   |   Identification of Communication Needs

To identify distinct groups of respondents, we performed cluster 
analysis directly on the raw dataset. The dichotomous variable 
Manure was included as a binary factor (0 = no, 1 = yes). Humus 
content was treated as a factor, with levels 5 and 6 aggregated 
due to only one observation in level 5 (see Q.4 in Table S1). Lease 
share ranged from 0 to 1.

A Gower distance matrix was calculated to accommodate the 
mixed variable types. We explored different clustering ap-
proaches, including Partitioning Around Medoids (PAM) and 
hierarchical clustering with Ward's method, and evaluated the 
optimal number of clusters using average silhouette widths 
using the cluster package (Maechler et  al.  2025). A choice of 
three clusters was made based on interpretability and silhouette 
scores.

The PAM method was applied to the Gower distance matrix 
using the cluster package, and cluster assignments were ex-
tracted for the chosen number of clusters. Cluster cohesion 
and separation were visualised using silhouette plots using the 
factoextra package (Kassambara and Mundt  2020). Although 
hierarchical clustering showed slightly higher average silhou-
ette widths, the PAM solution produced more interpretable and 
practically meaningful clusters and was therefore selected for 
subsequent analysis.

Cluster profiles were generated by calculating the mean val-
ues of all variables within each cluster, except for Humus con-
tent, for which the modal value was used. Heatmaps were used 

to visualise cluster characteristics using the package ggplot2 
(Wickham 2016): main variables such as Farm profitability, Soil 
structure, Humus content effect, Subsequent crops, Work flow, 
Tilling properties, and Weed were shown in one heatmap, while 
Manure, Lease share, and Humus content were visualised sepa-
rately to highlight relative scale differences.

Associations between removal status (0/1) and partial NVEI 
variables were analysed using Bayesian Gaussian regression 
models in brms (Bürkner  2017). For each cluster, each NVEI 
variable was modelled as a Gaussian outcome predicted by re-
moval status. Posterior distributions were then used to estimate 
the expected differences between respondents who removed and 
those who did not, providing a probabilistic measure of these 
differences that incorporates uncertainty in the estimates.

3   |   Results

3.1   |   Modelling Cereal and Oilseed Straw Removal

3.1.1   |   Univariate Modelling With NVEI

Sixty out of 94 respondents reported having decided to remove 
cereal and oilseed straw in 2020 (Q.5 in Table S1). To explore the 
usefulness of the NVEI as a predictor, a univariate BART model 
was fitted. The univariate model demonstrated a reasonable 
ability to classify farmers' decisions, achieving an Area Under 
the Curve (AUC) of 0.77 (Figure S2). This result indicates that 
NVEI captures relevant aspects of farmers' decision-making 
processes. The model revealed an almost steadily increasing 
probability of deciding to remove straw with increasing NVEI, 
plateauing at higher positive values (Figure 1).

3.1.2   |   Multivariate Modelling With 
Additional Predictors

Building on the insights from the univariate model, a multivar-
iate BART model was fitted, incorporating predictors such as 
the share of leased land (Lease share), the practice of manure 
application on agricultural land (Manure), predominant humus 
content of farm soils (Humus content), and NVEI. Convergence 

FIGURE 1    |    Partial Dependence Curve (PDP) of the relationship between the Net Value of Expected Impact (NVEI) and the predicted probability 
of having decided to remove cereal and oilseed straw in 2020 based on a BART model (Q.5, 7 and 8 in Table S1).
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diagnostics indicated that the BART model converged satisfac-
torily (Figure S3). The multivariate model demonstrated an ex-
cellent ability to separate the classes, achieving an AUC of 0.90 
(Figure S2). The model correctly classified 93% of the positive 
cases (sensitivity) and 71% of the negative cases (specificity) 
(Table  S3). Overall error rates were balanced across predicted 
classes (use error = 0.149), confirming that the model provided 
both high discriminatory power (AUC = 0.90) and strong predic-
tive accuracy. A permutation test found that the predictor vari-
able NVEI is significantly associated with the decision to remove 
(Figure 2).

3.2   |   Hypothesis Testing

3.2.1   |   H1. The Likelihood of Straw Harvest Removal 
Decision-Making Is Higher Among Farmers Who Apply 
Manure Compared to Those Who Do Not

To test H1, which posits that the likelihood of straw harvest 
removal decision-making is higher among farmers who apply 
manure compared to those who do not, a permutation test was 
conducted using a multivariate BART model. The test found 
that the predictor Manure is significantly associated with the 

decision to remove (p < 0.002; Figure  2). To interpret the in-
fluence of individual predictors, SHAP (SHapley Additive ex-
Planations) values were computed. SHAP values showed that 
respondents applying manure are more likely to remove straw 
than those who do not (Figure 3).

3.2.2   |   H.2 A Higher Proportion of Leased 
Land Is Associated With Straw Harvest Removal 
Decision-Making

To test H.2, which posits that a higher proportion of leased land 
is associated with straw harvest removal decision-making, we 
employed two complementary approaches. First, we performed 
an overall Bayesian proportion test that does not account for po-
tential confounding factors. This comparison provided strong 
evidence that respondents who did not remove straw in 2020 
were more likely to lease more than 50% of their cultivated land 
than those who did remove it (Table 2). Second, a permutation 
test based on the multivariate BART model was conducted. The 
test indicated that the predictor Lease share is significantly asso-
ciated with the decision to remove (p = 0.002; Figure 2). A higher 
share of leased land is associated with a lower probability of ce-
real and oilseed straw removal (Figure 3).

FIGURE 2    |    Permutation tests for individual predictor variables used in the multivariate BART model: (a) NVEI, (b) Manure, (c) Lease share, and 
(d) Humus content. Given 500 permutations in each test, a p-value of 0 corresponds to p < 0.002.
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3.2.3   |   H.3 Farmers Managing Humus-Rich Soils 
Are More Likely to Engage in Straw Harvest Removal 
Decision-Making Than Farmers Managing Soils With 
Lower Humus Content

To test H.3, which posits that farmers managing humus-rich 
soils are more likely to engage in straw harvest removal decision-
making than farmers managing soils with lower humus content, 
a permutation test was conducted using a multivariate BART 
model. The test found that the predictor Humus content is sig-
nificantly associated with the decision to remove straw (p = 0.04; 
Figure 2). SHAP values indicated that straw removal was most 
likely among respondents with intermediate soil humus levels, 

compared to those with the lowest or highest levels, as well 
as respondents who did not know their soil's humus content 
(Figure 3).

3.3   |   Communication Needs of Respondents 
Regarding Removal of Cereal and Oilseed Straw

The multivariate BART model highly accurately predicts 
removal decision-making among respondents (Table  S3). 
Negative values of NVEI indicate that the respondent expects 
the overall consequences of removing cereal and oilseed straw 
to be predominantly negative, whereas positive values indicate 
that the expected consequences are predominantly positive 
(Q.7 and Q.8 in Table  S1). The probability of deciding on re-
moval increases with higher NVEI values, reaching a plateau 
once expected consequences across economic, agronomic, en-
vironmental, and management dimensions become net positive 
(Figure 1).

Three main respondent profiles (clusters) were identified based 
on raw data used in the BART model, with the NVEI variable 
represented by its partial components (Figure 4).

Using Bayesian regression, posterior probability analysis iden-
tified which partial NVEI components were most strongly as-
sociated with removal decision-making within each cluster 
(Figure 5).

We next examined how the clusters are distributed regionally 
and how straw removal rates vary between regions. Respondents 
from the Lowland region were predominantly classified into 

FIGURE 3    |    SHAP summary plot showing the relative influence of predictors (manure application, NVEI, share of leased land, and humus con-
tent of farm soils) on the probability of deciding to remove cereal and oilseed straw.
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TABLE 2    |    Proportion of farmers who did remove straw in 2020 
by the share of total arable land area leased, tested using a Bayesian 
proportion test.

Did remove 
straw in 
2020

Estimated relative 
frequency among 

respondents 
leasing 50%

Comparison 
(posterior 

probability)a 

Yes 0.52 6.4% (more than 
half leased>half 

or less leased)

No 0.68 93.6% (more than 
half leased>half 

or less leased)
aPosterior probability reflects the likelihood that respondents who did remove 
straw in 2020 and leased ≥ 50% of their land exceeds that of respondents leasing 
≤ 50%.

 17571707, 2026, 4, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/gcbb.70111 by Sw

edish U
niversity O

f A
gricultural Sciences, W

iley O
nline L

ibrary on [10/04/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



8 of 13 GCB Bioenergy, 2026

Cluster 2, whereas none from the Forested region belonged to 
this cluster (Table S4).

Differences in straw removal rates across regions were appar-
ent, with generally higher rates observed in Cluster 3 (Table 3). 
Pairwise comparisons (Figure S4) indicate that in Cluster 1, there 
is substantial evidence of higher removal rates in the Forested 
region compared to the Intermediate region, but strong evidence 
that rates are higher in the Lowland than in the Intermediate 
region. In Cluster 2, very strong and substantial evidence shows 
that removal rates are highest in the Lowland region, lower 
in the Intermediate region, and lowest in the Forested region 

where no respondent was located. In Cluster 3, there is decisive 
evidence that removal rates are higher in the Forested region 
than in the Lowland region, and decisive evidence that removal 
rates are higher in the Intermediate region than in the Lowland 
region.

Among respondents who did remove, net positive impacts of 
removing straw were, on average, expected only for farm prof-
itability and the establishment of subsequent crops (Table S5). 
However, despite the negative average net values of expected 
impacts on all other goals, 59 respondents (63%) still decided on 
removal.

FIGURE 4    |    Heatmap of respondent clusters (profiles) based on multiple variables using Gower distance. Manure was treated as a binary factor 
(0 = no, 1 = yes), and Lease share ranged from 0 to 1. Mean values are shown for all variables except Humus content, which is represented by its modal 
value. For the NVEI variable, relevant subcomponents were included. All variables used for clustering are displayed in the heatmap.
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FIGURE 5    |    Posterior probabilities of differences in partial NVEI between respondents who did remove straw and those who did not by cluster.
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TABLE 3    |    Estimated proportions of respondents who did remove straw in 2020 by region and cluster membership with 95% credible intervals.

Cluster
Forested (estimated 

frequency [95 CI])
Intermediate (estimated 

frequency [95 CI])
Lowland (estimated 

frequency [95 CI])
N_total (per 

cluster)

1 0.50 [0.10–0.91] 0.58 [0.24–0.90] 0.62 [0.41–0.82] 33

2 — 0.74 [0.47–0.95] 0.39 [0.22–0.57] 38a

3 0.69 [0.33–0.98] 0.76 [0.55–0.94] 0.88 [0.70–1.00] 19a

aInformation on one regional membership is missing.
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4   |   Discussion

This study provides new insights into farmer decision-making 
on straw management by shifting the focus from simple adop-
tion rates to the underlying motivations and expectations that 
guide behaviour. While much of the existing literature models 
biomass provision primarily as a question of uptake likelihood, 
identifying key drivers of willingness to supply biomass (e.g., 
Hoque et al. 2015), our approach emphasises how farmers' ex-
pectations of outcomes (NVEI) vary across distinct respondent 
profiles and shape straw management decision-making. By ex-
plicitly identifying the communication needs of different farmer 
clusters, we provide a more nuanced understanding of how ad-
visory efforts can be effectively tailored in practice.

Our results reveal that straw management decision-making is 
influenced by multiple factors, including expected effects on 
profitability, soil health, workflow, and crop establishment, as 
well as regional context. Building on agent-based frameworks, 
such as those presented by Burli et  al.  (2021), we explicitly 
quantified farmers' expected utilities rather than relying on 
assumed preferences, thereby enabling us to capture the het-
erogeneity in farmer decision-making based on their own 
assessments of anticipated outcomes. Consequently, identi-
cal behaviours, removing or not removing straw, may stem 
from very different considerations depending on the farmer 
and their local context, and this can be explained through ex-
pected utility theory: farmers weigh expected benefits against 
expected disadvantages. This explicitly addresses the concep-
tual mechanism behind the observed patterns, connecting the 
three main findings to general decision-making theory. This 
underscores the need for communication and policy measures 
that are tailored to the motivation, and to farmers' expected 
negative and positive consequences (‘risks’ and ‘opportuni-
ties’) as reflected in their expected utility assessments, across 
the different decision-making frameworks of each farmer 
cluster.

It should be noted that our data were collected in 2021, before 
the implementation of incentives aimed at increasing carbon 
storage in soils and biomass under Land Use, Land Use Change, 
and Forestry (LULUCF) regulations (EU  2023b), including 
carbon credit schemes. These policies may affect future condi-
tions for straw removal and the relative importance of different 
decision-making drivers.

As in many studies on farmer decision-making and land-use 
preferences (e.g., Rommel et al. 2022), our survey achieved a rel-
atively low response rate. In addition, the analytical sample used 
in this study is smaller than the total number of respondents 
because only questionnaires with complete information for the 
variables included in the modelling could be used. Although this 
constrains the statistical generalisability of the results, previous 
research highlights that low participation is typical in studies 
addressing novel or long-term land-use changes. The sample 
nevertheless includes a substantial share of medium and large 
farms, which manage most of the cereal and oilseed area rel-
evant for straw production in the region (Table  1). However, 
the emergence of distinct patterns across regions and decision 
types indicates that the data still offer meaningful insights into 
farmer motivations and potential barriers. The findings should 

therefore be interpreted as identifying relationships among 
variables within the respondent group rather than estimating 
population-level behaviour.

We also recognise the potential interdependence between our 
auxiliary hypothesis, namely, that NVEI reliably predicts straw 
removal decision-making as confirmed by the BART model 
(Figure S2), and our main hypotheses on cluster-specific moti-
vations and communication needs. By first establishing NVEI's 
predictive relevance, we integrated this dependency into our 
subsequent interpretation of the main results. This approach al-
lowed us to interpret behavioural variation not only as a matter 
of adoption likelihood but as a function of differentiated expec-
tations about risk and opportunity, which can be generalised 
through expected utility theory.

4.1   |   Soil Fertility Management and Organic 
Amendments

Straw removal decisions were strongly linked to how farmers 
manage soil fertility. Manure application emerged as the most 
influential predictor of straw removal, indicating that farmers 
who return organic matter and nutrients to the soil through ma-
nure may perceive a lower agronomic risk with straw export. 
From an expected utility perspective, these farmers likely weigh 
the potential gain from straw removal (e.g., economic return or 
operational benefit) against expected negative impacts on soil 
fertility and crop productivity, and access to organic amend-
ments increases the net expected benefit, making removal a 
more acceptable management practice.

These findings corroborate H.1: The likelihood of straw har-
vest removal is higher among farmers who apply manure 
compared to those who do not. Manure application was sig-
nificantly associated with removal decision-making and had 
the strongest influence among the predictors considered 
(Figures 2 and 3).

We also explored whether sludge (sewage sludge or digestate) in-
fluenced straw removal decisions. In contrast to manure, sludge 
use was not a significant predictor and was excluded from the 
final multivariate model. This suggests that the use of humus-
rich sludge does not currently play a major role in farmers' straw 
management decisions. The lack of effect may reflect limited 
adoption, uncertainty about agronomic impacts, or knowledge 
gaps regarding its interaction with soil fertility. Although not 
central to the hypotheses, this finding points to a potential role 
for advisory services and further research in clarifying the func-
tion of alternative organic amendments in sustainable straw 
management.

4.2   |   Land Tenure and Decision Horizons

Land tenure emerged as an important factor in straw manage-
ment, but in a direction that contrasts with earlier findings. 
Previous work (Blennow et al. 2026) suggested that farmers leas-
ing a large share of their land are more willing to sell cereal and 
oilseed straw, interpreted as reflecting shorter decision horizons 
and lower concern for long-term soil fertility among tenants.
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In our data, a Bayesian proportion test (Table 2) indicated that 
farmers who did not remove straw in 2020 were more likely to 
lease more than 50% of their cultivated land than those who did 
remove straw. This pattern was confirmed in the multivariate 
analysis. The permutation test within the BART model showed 
that Lease share was significantly associated with straw removal 
decision-making (p = 0.002; Figure  2). However, SHAP values 
revealed that a higher proportion of leased land was associated 
with a lower probability of cereal and oilseed straw removal 
(Figure 3).

These findings, therefore, do not corroborate H.2: A higher pro-
portion of leased land is positively associated with straw harvest 
removal decision-making. From an expected utility perspective, 
farmers with a high share of leased land may expect the poten-
tial benefits of straw removal to be outweighed by the perceived 
risk, potentially including uncertainty about long-term access to 
fields, contractual restrictions, or potential impacts on soil fertil-
ity. This reduces the net expected utility of removal and explains 
the observed negative association.

The contrast with earlier attitudinal findings highlights an im-
portant distinction with stated willingness and realised man-
agement behaviour. Farmers who express openness to straw 
sales may still refrain from removal when faced with practical, 
contractual, or agronomic uncertainties. A similar gap between 
attitudes and actual land-use decisions has been observed in 
other contexts, such as farmers' stated willingness versus re-
alised adoption of perennial energy crops (Blennow, Anander, 
et al. 2025). This underscores the importance of analysing ob-
served behaviour alongside reported preferences when assess-
ing biomass supply potential.

4.3   |   Knowledge, Risk Perception, and Behavioural 
Interpretation

Soil humus content was also significantly associated with 
straw removal decisions, but not in the linear manner initially 
expected. The permutation test within the multivariate BART 
model showed that Humus content was a significant predic-
tor of removal probability (p = 0.01; Figure  2). SHAP values 
revealed a non-linear relationship: straw removal was most 
likely among farmers reporting intermediate soil humus lev-
els, while both low- and high- humus soils, as well as soils 
for which farmers reported that they did not know the humus 
content, were associated with lower removal probabilities 
(Figure 3).

Analysis by respondent clusters further clarifies these patterns. 
Farmers in Cluster 3, who reported that they did not know 
their soil humus content, exhibited high removal probabilities 
(Table  3; Figure  4). Inspection of partial NVEI values indi-
cates that this group was primarily guided by expected bene-
fits related to subsequent crop establishment, rather than by 
soil-specific risk considerations (Table S5; Figures 4 and 5). In 
contrast, farmers managing intermediate humus soils (Clusters 
1 and 2) balanced potential agronomic risks against expected 
benefits, demonstrating a decision process consistent with ex-
pected utility theory.

These findings therefore do not corroborate H.3: Farmers man-
aging humus-rich soils are more likely to engage in straw har-
vest removal decision-making than farmers managing soils with 
lower humus content. From an expected utility perspective, 
farmers appear to weigh potential gains against perceived risk: 
those with intermediate humus soils expect higher net utility, 
leading to removal, whereas farmers with very low or very high 
humus content expect reduced net utility. Cluster 3 farmers, who 
did not know their soil humus content, appear to rely primarily 
on expected production and management benefits, particularly 
those related to subsequent crops, illustrating that anticipated 
agronomic advantages can dominate decision-making when 
specific knowledge of soil humus and its implications is unavail-
able. These findings highlight the complex interplay of knowl-
edge, perceived risk, and expected benefits in shaping straw 
removal decisions.

Both soil characteristics and expected outcomes were self-
reported, and respondents may construct internally consis-
tent narratives of their decisions, meaning that expectations 
and behaviours can shape one another. Such post-decision 
rationalisations are well documented in behavioural research 
(cf. Aierly and Norton 2007) and are plausible both for farm-
ers who removed straw and those who retained it. Similar to 
Lombardi et  al.  (2025), who found that adoption of circular 
eco-innovations depends on evaluation of multiple anticipated 
outcomes, our results suggest that farmers aggregate expected 
effects across economic, agronomic, and management dimen-
sions when deciding on straw removal. This reinforces the 
importance of interpreting observed behaviour through the 
lens of expected utility rather than assuming a direct link to 
formal risk aversion.

4.4   |   Policy Implications

Our findings have several implications for policymakers, 
advisory bodies, and extension services aiming to support 
informed decisions about straw removal and management. 
These insights can guide the development of communication 
strategies, advisory programs, and potential policy instru-
ments, while adhering to principles of transparency and re-
spect for farmers' autonomy.

4.4.1   |   Guidelines for Effective Communication

Based on our results, we propose the communication guidelines 
to prioritise informed and autonomous decision-making rather 
than persuasion. Efforts should address knowledge gaps, par-
ticularly regarding soil health, nutrient cycling, and farm oper-
ational outcomes. Straw removal is context-dependent and may 
conflict with long-term soil fertility, ecosystem services, or other 
agronomic priorities.

The three distinct farmer profiles identified in our study high-
light specific knowledge gaps and indicate where communica-
tion can enhance farmers' understanding of sustainable straw 
management. Regional variations further emphasise the need 
for context-specific guidance (Table 4).
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By identifying the communication needs of distinct farmer clus-
ters, advisory bodies can tailor strategies that reflect not only 
diverse motivations and structural constraints but also local 
conditions. Crucially, positive attitudes toward straw removal 
do not automatically translate into practice; effective guidance 
and policy must account for structural, agronomic, local, and 
informational factors that jointly shape actual behavior.

5   |   Conclusions

Farmers' perspectives on straw harvest removal are shaped 
by agronomic considerations and by practices that have devel-
oped in response to local conditions, while also being influ-
enced by broader environmental and socio-economic changes. 
Knowledge gaps, particularly regarding soil humus content, 
contribute to the diversity of perspectives.

For policy, uniform assumptions about straw availability are 
problematic. Strategies to mobilise biomass must account for 
diverse farm-level practices and knowledge, while communica-
tion should provide balanced, evidence-based information that 
helps farmers weigh short-term benefits against long-term im-
pacts on soil fertility, carbon cycling, and ecosystem services. 
Recognising the gap between stated willingness and actual be-
haviour is crucial to ensure that policies and advisory programs 
are both realistic and effective. These findings are particularly 
relevant to the European Green Deal, the EU Soil Strategy for 
2030, and renewable energy targets, where biomass is often 
treated as a homogeneous resource.

The methodology used here offers a framework for capturing 
the diversity of farmers' perspectives on land management. 
Applying similar approaches across regions and production 
systems can improve understanding of decision drivers, iden-
tify knowledge gaps, and support communication and policy 
interventions that align biomass supply with sustainable land 
management.
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Data Availability Statement

The data can be accessed from the Swedish National Data Repository 
(https://​doi.​org/​10.​5878/​egc3-​xk28) by anyone with a legitimate interest 
in the data, as long as the transfer of data complies with the Swedish and 
European regulations on data protection.
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Additional supporting information can be found online in the Supporting 
Information section. Figure S1: The study area, Scania, is located in 
southern Sweden. Figure S2: Receiver Operating Characteristic (ROC) 
curve for the univariate (a) and multivariate (b) BART model, with an 
Area Under the Curve (AUC) of 0.77 and 0.90, respectively. Figure S3: 
Convergance of multivatiate BART model. Figure S4: Pair-wise com-
parisons of straw removal rates between regions by Cluster (respondent 
profile) (n = 92). Table S1: Questions analysed in the present study on 
the removal of cereal and oilseed straw. Table S2: Strength of evidence 
based on posterior probability (Jeffreys 1939). Table  S3: Confusion 
matrix for the multivariate model. Table  S4: Number of respondents 
by region and cluster membership. Table  S5: Average partial NVEI 
for each goal and respondents who removed cereal and oilseed straw 
during 2020. 
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