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Abstract 
Digital risk management tools (RMTs) are promising 
to help farmers manage risk. However, these recently 
developed tools are still unexplored and hardly used 
by farmers. This study is the first to investigate how 
German farmers perceive the usefulness of digital 
RMTs and which factors influence them. A novel mod-
ification of the trans-theoretical model was made to 
determine farmers’ perceived usefulness gradually. 
The regression results show that, on average, farmers 
perceive digital RMTs as potentially useful. Percep-
tions are positively influenced by a higher level of 
education, full-time employment on the farm, use of 
mobile devices and a higher perceived importance of 
digital tools. The study contributes to the literature by 
investigating the extent to which farmers are willing 
to accept the combination of digitisation and risk 
management. The results are of interest to policy 
makers involved in digital agriculture and to agricul-
tural tool providers, as they offer first insights into 
farmers’ acceptance of digital RMTs. Researchers 
benefit from the successfully applied trans-theoretical 
model fitting. 
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1 Introduction 
Digital risk management tools (RMTs)1 have been 
developed to help farmers manage risks. In view of 
 

                                                           
1  In the following, we distinguish between risk manage-

ment tools (RMTs) and risk management instruments 
(RMIs). By RMIs we mean risk mitigation strategies, 
e.g. diversification or hail insurance. In this context, 

the globalisation of trade in commodities, changing 
consumer behaviour, and extreme weather situations 
caused by climate change, risk management has be-
come more important on individual farms (GÖMANN 
et al., 2015; LUNT et al., 2016; GRILLAKIS, 2019; 
HARKNESS et al., 2020). Digital RMTs help to uncov-
er hidden risks in everyday life. Step by step, farmers 
select framework conditions and sources of risk from 
an extensive catalogue, make individual entries and 
link the influencing factors. As a result, farmers re-
ceive an individual digital risk checklist for everyday 
situations or special projects, e.g. expansion of pig 
fattening. This can also be informative for banks and 
consultants (WAPPNET, 2020).  

In an increasingly digitalised world, the adoption 
of digital tools is crucial for risk management in agri-
culture, provided that they are useful and facilitate 
farmers’ work. There are few digital RMTs, but de-
spite the potential benefits, they are hardly used. 
There is no research yet on the use of digital RMTs by 
farmers. The decision on adoption depends largely on 
first impressions. As a first step, it is worthwhile to 
investigate the extent to which farmers find digital 
RMTs useful. Perceived usefulness allows conclu-
sions to be drawn about the adoption decision. Several 
studies agreed that higher perceived usefulness of new 
technologies increases the willingness to adopt them 
(TEY and BRINDAL, 2012; ROSE et al., 2016; ZHENG 
et al., 2019).  

The aim of the study is to analyse farmers’ per-
ceived usefulness of digital RMTs. More specifically, 
we want to explore the extent to which farmers find 
digital RMTs useful and how personal as well as farm 
characteristics influence farmers’ perceptions. We 
contribute to the literature by gaining initial insights 

                                                                                                 
(digital) RMTs help to get an overview of possible risk 
factors and can support the decision for or against an 
RMI. 
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into farmers’ willingness to accept digital RMTs. As 
digital RMTs combine digitisation and risk manage-
ment, they could potentially represent a kind of inter-
mediate step towards artificial intelligence (AI) in the 
field of risk management. Our study therefore allows 
us to make initial assumptions about farmers’ readi-
ness for AI in risk management. 

To achieve the objectives of the study, an online 
survey was conducted with 160 German farmers in 
2020, which included a trans-theoretical model of 
perceived usefulness (TTMU). By modifying 
PROCHASKA and VELICER'S (1997) trans-theoretical 
model of behavioural change (TTMC) into a TTMU, 
we were able to assess farmers’ perceived usefulness 
gradually, at a given point in time. The TTMU offers 
deeper insights into farmers’ actual perceptions than 
binary classifications, even though it is less commonly 
used. In the TTMU, farmers are classified into 
chronological and sequential stages, depending on 
how they currently perceive the benefits of digital 
RMTs. We applied an ordered logit model to investi-
gate the factors that influence farmers’ perceived use-
fulness of digital RMTs and thus the transition to an-
other stage within the TTMU. We focused on German 
farmers because Germany has a diverse production 
and faces many different climatic challenges due to 
the different biogeographical regions (EUROPEAN 
PARLIAMENT, 2018). Furthermore, this study is well 
placed considering that Germany is aiming to expand 
its pioneering role in digitisation in agriculture 
(EUROPEAN PARLIAMENT, 2018; BMEL, 2021).  

As we shed light for the first time on the useful-
ness of digital RMTs as currently perceived by farm-
ers, our findings are of particular interest to policy 
makers and researchers working on digitisation and/or 
risk management in agriculture, as well as to tool pro-
viders. We uncover farmers’ readiness for digital 
RMTs as precursors to AI in risk management and 
identify pioneer users. Policy makers and tool devel-
opers will give advice on how to efficiently support 
farmers in digitising their risk management and how 
to reach more farmers. Through a novel adaptation of 
the trans-theoretical model (TTM), we investigate 
whether this construct is applicable in the context of 
digitisation and risk management in agriculture. Re-
searchers benefit from this adaptation as it expands 
the possibilities for applying the TTM.  

The remainder of this study is structured as fol-
lows: Section 2 derives factors that might influence 
farmers’ perceived usefulness of digital RMTs, con-
sidering the literature on digitisation and risk man-

agement. The design of the TTMU, econometric mod-
elling and data collection are presented in Section 3. 
Section 4 discusses the results, followed by the con-
clusions and perspectives for further research in Sec-
tion 5. 

2  Potential Influential Factors de-
rived from Literature on Digitisa-
tion and Risk Management 

In our explorative study, we dedicate ourselves to a 
new market for which we combine two already known 
research areas: digitisation and risk management in 
agriculture. Digital RMTs, the combination of both 
topics, are relatively new and largely unknown even 
among farmers, which may be justified given the lack 
of literature. In what follows, we refer to the literature 
that identifies factors influencing the adoption of dig-
itisation and risk management in agriculture. From 
this, we derive what influence these factors might 
have on the perceived usefulness and thus on the ac-
ceptance of digital RMTs. 

Older farmers are reluctant to use a digital tool, 
but are more interested in protecting themselves from 
risks: Older farmers are less likely to adopt technolo-
gies such as precision agricultural technologies 
(PATs) (PAUSTIAN and THEUVSEN, 2017; TAMIRAT et 
al., 2018) and smartphones (MICHELS et al., 2019) 
than younger farmers. BARNES et al. (2019) argue that 
a shorter planning horizon of older farmers is a barrier 
to investment in PATs. ROBERTS et al. (2004) explain 
that older farmers are less willing to change their hab-
its, which according to ROSE et al. (2016) is a major 
barrier to the adoption of new technologies. In terms 
of risk attitudes, age has been found to have a nega-
tive effect on risk taking (VROOM and PAHL, 1971; 
DOHMEN et al., 2011) and a positive effect on risk 
perception (OTANI et al., 1992; COHN et al., 1995). 
This suggests that older people are more risk averse 
and perceive the same risks as greater in magnitude 
than younger people. ADNAN et al. (2020) found 
mixed results on the impact of age on farmers’ adop-
tion of risk management instruments (RMIs), e.g. age 
is positively correlated with adoption of contract 
farming but negatively correlated with diversification. 
No clear expectation can be derived from the combi-
nation of both literature areas. Since the prerequisite 
for using a digital RMT is to practice risk manage-
ment, we expect that older farmers will find a digital 
RMT more useful. 
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The educational level of farmers has a positive 
influence on the adoption of technologies and some 
RMIs: Farmers with higher levels of education are 
more likely to adopt PATs than farmers with lower 
levels of education (TEY and BRINDAL, 2012; 
AUBERT et al., 2012; PIERPAOLI et al., 2013). It is 
assumed that farmers with higher education have bet-
ter technological and analytical skills (KOTSIRI et al., 
2011; PAUSTIAN and THEUVSEN, 2017) and a better 
understanding of the application of new technologies 
(AUBERT et al., 2012). The effect of education on risk 
attitudes varies. BAR‐SHIRA et al. (1997) and 
HARRISON et al. (2007) found that higher education 
leads to more risk-averse attitudes, while MOSCARDI 
and JANVRY (1977) and HARTOG et al. (2002) found 
the opposite. ADNAN et al. (2020) investigated a posi-
tive correlation between farmers’ education level and 
the use of some RMIs, e.g. contract farming, diversifi-
cation, and precautionary savings. Based on this and 
the above studies on the acceptance of new technolo-
gies, we expect that higher levels of education will 
positively influence farmers’ perceived usefulness of 
digital RMTs.  

Full-time farmers (who do not earn off-farm in-
come) are more likely to adopt new technologies and 
RMTs: Farmers who work full-time on their farm 
have a greater interest in using new technologies and 
are more willing to adopt PATs (DABERKOW and 
MCBRIDE, 2003; KOTSIRI et al., 2011). Part-time 
farmers have off-farm income, which according to 
VELANDIA et al. (2009) is a form of diversification 
and allows farmers to take more risk, thus reducing 
incentives to introduce RMTs. They also found that 
(higher) off-farm income reduces the likelihood of 
using one of the three RMTs considered (crop insur-
ance, forward contracting, spreading sales) or all three 
at the same time. Combining both literature areas, we 
derive the expectation that full-time farming will have 
a positive impact on farmers’ perceived usefulness of 
digital RMTs. 

Farmers with larger farms are more willing to 
adopt new technologies, but show less interest in risk 
management: TEY and BRINDAL (2012) and 
PAUSTIAN and THEUVSEN (2017) found that farmers 
with larger farms are more likely to use PATs. 
DABERKOW and MCBRIDE (2003) and MICHELS et al. 
(2020) found that as farm size increases, the likeli-
hood of using drones increases. The positive impact of 
farm size on technology adoption is expected mainly 
due to economies of scale (PAUSTIAN and THEUVSEN, 
2017). Due to economies of scale and better manage-

ment capacities, larger farms are also better able to 
take risks and offset shocks (DOHMEN et al., 2011; EL 
BENNI et al., 2016; ADNAN et al., 2020), which reduc-
es the need for risk management. VELANDIA et al. 
(2009) pointed out that the relationship between farm 
size and the adoption of different RMTs seems to be 
ambiguous and depends on the specific instrument. 
The combination of both literature backgrounds does 
not allow for a clear expectation. However, we expect 
that farmers with larger farms are more willing to 
adopt a new digital tool for risk monitoring and there-
fore find digital RMTs more useful. 

Soil quality has a positive impact on technology 
adoption, but is less well studied in terms of risk man-
agement: Farmers whose farm has better soil quality 
are more willing to use PATs (DABERKOW and 
MCBRIDE, 2003; TEY and BRINDAL, 2012). 
TIEDEMANN et al. (2011) found that different soil, 
climate and relief conditions can lead to different risk 
attitudes among farmers. Ignoring such circumstances 
would lead to underestimating the efficiency of farms 
with unfavourable environmental conditions and dis-
tort farmers’ risk management. An empirical study 
about farmers’ risk management in the north-east of 
Germany shows that different soil requirements force 
caution to varying degrees and lead to different ways 
of dealing with upcoming risks (SCHAPER et al., 
2012). Although the literature on PATs suggests a 
positive effect of soil quality on the adoption of digital 
tools, we believe that farmers with poorer soil quality 
are more likely to be interested in a digital risk moni-
toring tool due to lower yields and a lower safety 
buffer. Therefore, we expect that farmers with poorer 
soil quality will find digital RMTs more useful. 

Farmers with a higher proportion of their own 
land are more willing to adopt new technologies, es-
pecially PATs, but less willing to adopt RMIs: Farm-
ers can manage their own land more favourably than 
rented land and enjoy even more benefits from their 
farm management, leading to higher uptake of new 
technologies (ROBERTS et al., 2004; TEY and 
BRINDAL, 2012). At the same time, a higher share of 
own land increases the ability to bear risks, as there 
are fewer payment obligations and more flexibility, 
which reduces risk aversion and the need for RMIs 
(VELANDIA et al., 2009; VIGANI and KATHAGE, 
2019). VELANDIA et al. (2009) found that farmers 
with a higher proportion of their own land tend not to 
use RMIs such as crop insurance or forward contracts. 
The contrasting impacts of land tenure on technology 
adoption and risk management do not allow for clear-
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cut expectations. Nevertheless, we expect that farmers 
with a higher proportion of their own land find digital 
RMTs less useful. In other words, a higher proportion 
of rented land will have a positive impact on farmers’ 
perceived usefulness of digital RMTs.  

Previous experience with digitisation has a posi-
tive effect on farmers’ adoption of technologies and 
on some RMIs: Adoption of PATs is more likely if 
farmers are already using similar technologies (ISGIN 
et al., 2008; GRIFFIN et al., 2017) or computers 
(DABERKOW and MCBRIDE, 2003; KOTSIRI et al., 
2011; D’ANTONI et al., 2012). Farmers who use com-
puters are also more likely to participate in hedging 
and futures markets (MISHRA and EL‐OSTA, 2002), 
which are RMIs. As digital RMTs require a computer, 
smartphone or tablet, we expect that farmers who 
already use mobile devices will find digital RMTs 
more useful.  

The perceived importance of digital tools has a 
positive impact on technology adoption: Farmers who 
expected PATs to be profitable in the future and im-
portant in five years used PATs earlier than others 
(WATCHARAANANTAPONG et al., 2014). ROSE et al. 
(2016) pointed out that perceived relevance (and ease 
of use) is one of the most influential reasons whether a 
particular decision support tool is used. We expect 
that the perceived usefulness of digital RMTs will be 
positively influenced by the perceived importance of 
digital support tools over the next 10 years. 

3  Material and Methods 

3.1 Trans-Theoretical Model of Perceived 
Usefulness 

The TTM generally consists of five core constructs: 
stages of change, processes of change, decisional 
balance, self-efficiacy and temptation. In the follow-
ing, we mainly refer to the first two constructs. 

The stages of change represent a temporal 
dimension and illustrate that behaviour change is a 
process, i.e. a progression through gradual stages 
(PROCHASKA and VELICER, 1997). In the first stage, 
‘Pre-Contemplation’, people are not destined to 
change their behaviour. They usually avoid getting 
information or talking about the issue. In the second 
stage, ‘Contemplation’, people have the basic inten-
tion to change. They are aware of the advantages of 
change, but also of the disadvantages, which is why 
they stay in this stage for a long time. In the third 
stage, ‘Preparation’, people are supposed to take ac-

tion in the near future by having a concrete plan for 
change. In the ‘Action’ stage, people change their 
behaviour (PROCHASKA and VELICER, 1997).  

Processes of change are like independent varia-
bles that explain a person’s transition from one stage 
to another. PROCHASKA and VELICER (1997) de-
scribed ten processes with considerable influence. In 
this study, we refer to personal and farm characteris-
tics that can influence stage affiliation and progression 
(see Section 2). 

The other three constructs of the TTM relate to 
the perceptions, confidence and habits of the individu-
al, but are not considered further in this study. Deci-
sional balance reflects the person’s perceived ad-
vantages and disadvantages of a change. Self-efficacy 
describes people’s confidence to cope with risky sit-
uations without falling back a stage. Temptation is the 
urge to perform a certain habit in a difficult situation. 

The application of the TTM in an agricultural 
context is rare. The TTM was originally developed to 
analyse behavioural change (= TTMC), especially 
deep-rooted health behaviours, e.g. decisions regard-
ing smoking behaviour or physical activity of pre-
diseased people (PROCHASKA and VELICER, 1997; 
KIRK et al., 2010). Nevertheless, some studies have 
modified the TTMC to analyse farmers’ adoption. 
LEMKEN et al. (2017) analysed the adoption of inter-
cropping by farmers. MICHELS et al. (2020) analysed 
the adoption of drones by farmers. Both applied the 
TTM to determine adoption trends by reformulating 
the statements of the stages. MICHELS et al. (2020) 
then called it the trans-theoretical model of adoption 
(TTMA). 

Following LEMKEN et al. (2017) and MICHELS et 
al. (2020), we took the TTMC and modified it in a 
TTMU to answer our research questions. Compared to 
LEMKEN et al. (2017) and MICHELS et al. (2020), we 
took a step back and asked about perceived usefulness 
rather than adoption. We did this because there are 
very few digital RMTs so far (which are still relative-
ly unknown even among farmers) and therefore we 
had to work with a fictious digital RMT. Thus, we did 
not adopt the TTMA, but modified the TTMC state-
ments for each stage according to perceived useful-
ness (as LEMKEN et al. (2017) and MICHELS et al. 
(2020) did according to adoption) and called it TTMU 
(see Table 1). Farmers select a statement (referring to 
a stage) that is best suited to describe their current 
perception of usefulness. In this way, we can gradual-
ly assess farmers’ perceived usefulness of digital 
RMTs. 
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In relation to the first two TTM constructs, the 
TTMU helps answer the question of which stage of 
change farmers are in with regards to the adoption of 
digital RMTs, and which processes of change affect 
farmers as they move from one stage to the other. Due 
to the few existing digital RMTs and the small num-
ber of farmers using digital RMTs so far, we expect 
that many farmers are in the Pre-Contemplation or 
Contemplation stage. With targeted intervention strat-
egies, they could enter the Action stage. 

3.2 Econometric Model 
To identify the factors that influence farmers’ per-
ceived usefulness and thus the TTMU stage they are 
in, we ran an ordered logit model. The dependent var-
iable (= TTMU) represented by y* in Equation (1) is 
ordinal with four categories. Hence, we used an or-
dered logit model to estimate the influence of the in-
dependent variables presented in Section 2 on the 
dependent variable (VERBEEK, 2008):  

𝑥𝑥∗ = 𝑥𝑥𝑥𝑥 + 𝑒𝑒 (1) 

where vector X represents the independent variables 
derived in Section 2 and vector β contains the regres-
sion coefficients. A distribution function with an ex-
pected value of zero is assumed for the error term e. 
To analyse the relationship between the variables, the 
independent variables represent the crossing of the 
threshold value of the dependent variable y*, which 
can be interpreted as gradual usefulness stages:  

𝑦𝑦 =

⎩
⎪⎪
⎨

⎪⎪
⎧

0 𝑖𝑖𝑖𝑖 𝑦𝑦∗ ≤ 𝜇𝜇1,
1 𝑖𝑖𝑖𝑖 𝜇𝜇1 < 𝑦𝑦∗ ≤ 𝜇𝜇2,
2 𝑖𝑖𝑖𝑖 𝜇𝜇2 < 𝑦𝑦∗ ≤ 𝜇𝜇3,

.

.

.
𝐽𝐽 𝑖𝑖𝑖𝑖𝜇𝜇𝑗𝑗 < 𝑦𝑦∗

(2) 

where μj represents the ordered thresholds, i.e. the 
endpoints of each observable stage, and J indicates the 
number of graded usefulness stages (VERBEEK, 2008).  

Based on Equation (1), we set up the following 
equation to investigate the influence of personal and 
farm characteristics on the assignment of farmers to a 
TTMU stage:  

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 = 𝑥𝑥0 + 𝑥𝑥1𝐴𝐴𝐴𝐴𝑒𝑒   
+ 𝑥𝑥2𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖𝐸𝐸𝐸𝐸
+ 𝑥𝑥3𝐹𝐹𝐸𝐸𝐹𝐹𝐹𝐹_𝑇𝑇𝑖𝑖𝑇𝑇𝑒𝑒
+ 𝑥𝑥4𝐹𝐹𝐸𝐸𝐹𝐹𝑇𝑇_𝑆𝑆𝑖𝑖𝑆𝑆𝑒𝑒
+ 𝑥𝑥5𝑆𝑆𝐸𝐸𝑖𝑖𝐹𝐹_𝑄𝑄𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝐸𝐸𝑦𝑦
+ 𝑥𝑥6𝑅𝑅𝑒𝑒𝐸𝐸𝐸𝐸𝑒𝑒𝐸𝐸_𝐿𝐿𝐸𝐸𝐸𝐸𝐸𝐸
+ 𝑥𝑥7𝑇𝑇𝐸𝐸𝑀𝑀𝑖𝑖𝐹𝐹𝑒𝑒_𝐷𝐷𝑒𝑒𝐷𝐷𝑖𝑖𝐸𝐸𝑒𝑒𝐷𝐷
+ 𝑥𝑥8𝐼𝐼𝑇𝑇𝐼𝐼𝐸𝐸𝐹𝐹𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑒𝑒_𝐹𝐹𝐸𝐸𝐸𝐸𝐸𝐸𝐹𝐹𝑒𝑒
+ 𝑒𝑒𝑖𝑖

(3) 

where i is the individual respondent and ei is the error 
term with a logistic distribution. The empirical analy-
sis is carried out with the software ‘STATA 17’ and 
the command ologit. 

To ensure the robustness of the results in ad-
vance, multicollinearity must be eliminated. To test 
for multicollinearity, the calculated variance inflation 
factors (VIFs) must be below 5 and the tolerances 
above 0.1 (CURTO and PINTO, 2011). We determined 
VIFs between 1.07 and 1.27 (mean VIF = 1.16) and 
tolerances between 0.79 and 0.94 (mean tolerance 
= 0.86), indicating that multicollinearity does not af-
fect the robustness of our results. 

Another robustness check is the verification of 
the assumption of a parallel regression. A Brant test 
was carried out for this (GUZMAN-CASTILLO et al., 
2015). Initially, the assumption was violated. Since 
only one farmer was classified in stage 4 (Action 
stage), we merged stage 3 and stage 4 of the TTMU. 

Table 1. Trans-theoretical model of perceived usefulness (TTMU) for digital RMTs 
Stage TTMC Concept TTMU Modificationa) Coding 
Pre-Contemplation No intention or motivation to 

change 
The use of a digital RMT is currently of no benefit for 
me. 

1 

Contemplation Intention to change The use of a digital RMT could currently be useful for 
me. 

2 

Preparation Intention to change with a concrete 
plan 

The use of a digital RMT could currently be of great 
benefit to me. 

3 

Action Behaviour has changed The use of a digital RMT is certainly of great benefit to 
me at the moment. 

4 

a) Translated from German into English.
Source: Illustration based on PROCHASKA and VELICER (1997) and adapted by LEMKEN et al. (2017) and MICHELS et al. (2020).
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Because we expect that the majority of farmers belong 
to the Pre-Contemplation or Contemplation stage, 
merging the Preparation and Action stage will not 
have a major impact on content. Here, we also follow 
LEMKEN et al. (2017), who also merged two stages, 
which removes the violation of the assumption. This 
procedure avoids switching to an alternative model 
that cannot equally account for the ordinal scaled de-
pendent variable. Subsequently, a statistically non-
significant Brant test (χ2 = 3.18 p = 0.92) showed that 
the parallel regression assumption is not compro-
mised, i.e. that all coefficients are the same for all 
stages of the dependent variable. So only one set of 
coefficients needs to be calculated. 

3.3 Data Collection and Survey Design 
Primary data collected in an online survey of 160 
German farm managers between May and June of 
2020 were used for the analysis. The survey was sent 
to farmers by e-mail. The e-mail addresses were col-
lected in previous surveys where farmers had explicit-
ly expressed their interest in being invited by us to 
participate in further surveys. At least 251 farmers 
participated in the online survey. After removing in-
complete questionnaires, 160 fully answered ques-
tionnaires were included in the analysis. Our sample 
size of 160 farmers has a margin of error of 7.75% at 
a confidence level of 95%, based on the German 
farmer population of 262,776 farms in 2020 
(BARTLETT et al., 2001). The mean completion time 
of the survey was 19 minutes. 

The survey contains questions on general infor-
mation and on the fictious digital RMT. First, farmers 
were asked to provide information on personal and 
farm characteristics, current risk management and the 
use of mobile devices. In the second part of the ques-
tionnaire, we presented a fictitious digital RMT to  
the farmers (see Appendix A). We designed it based 
on the existing digital RMT ‘Wappnet Agrar’ 
(WAPPNET, 2020). Farmers than had to rate state-
ments about the tool to identify their requirements, 
but this is not discussed further in this study. Finally, 
we asked farmers to answer the adapted TTMU ques-
tion from their actual perspective (see Appendix B). 

4  Results and Discussion 
4.1 Descriptive Results 
The average farmer in our sample is in the Contem-
plation stage (average value = 1.82), i.e. they are 
aware of possible advantages/disadvantages of digital 

RMTs but do not yet have concrete plans to use them 
(PROCHASKA and VELICER, 1997). Figure 1 shows the 
distribution of farmers across the four stages of the 
TTMU. Among the surveyed farmers, 29% indicated 
that the use of digital RMTs is of no benefit to them at 
present, and they are therefore classified as stage 1 
(Pre-Contemplation stage). The vast majority, 59% of 
the farmers, stated that the use of digital RMTs could 
be useful for them at this time, which is indicative of 
stage 2 (Contemplation stage). For 11%, the use of 
digital RMTs could be of great benefit at the moment, 
which corresponds to stage 3 (Preparation stage). On-
ly one farmer in our sample (0.6%) feels that the use 
of digital RMTs is certainly of great benefit to him or 
her at this time and is classified as stage 4 (Action 
stage). 

Our sample differs from the German farmer pop-
ulation mainly in terms of farm size and educational 
level, which does not suggest representative results. 
Table 2 shows the descriptive statistics for each inde-
pendent variable presented in Section 2 and Equation 
(3) (Section 3.2). The sample is close to the average 
German farmer in terms of age ([our sample:]  
46 years vs. [German average:] 53 years), share of 

Figure 1.  Distribution of consulted farmers 
among the four stages of the TTMU in 
% (N = 160)a) 

 
a) Stage 1 = The use of a digital RMT is currently of no benefit to 
me. Stage 2 = The use of a digital RMT could currently be useful 
for me. Stage 3 = The use of a digital RMT could currently be of 
great benefit to me. Stage 4 = The use of a digital RMT is certainly 
of great benefit to me at the moment.  
Source: Own data and calculations. 

29.4%

59.4%

10.6%
0.6%

Stage 1 Stage 2 Stage 3 Stage 4
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full-time farmers (48% vs. 58%) and share of rented 
land (51% vs. 66%) (FEDERAL STATISTICAL OFFICE 
OF GERMANY, 2019). The age difference is mainly 
due to the fact that farmers up to 35 years of age are 
overrepresented in our study, while farmers over 55 
years of age are underrepresented compared to the 
German average. There are larger differences in farm 
size ([our sample:] 260 ha vs. [German average:] 63 
ha) and educational level (48% with a university de-
gree vs. 9% with a university degree). More precisely, 
a farm size up to 50 ha is underrepresented in our 
sample, while a farm size above 100 ha is overrepre-
sented compared to the German average. Our sample 
is not representative of the current agricultural popula-
tion in Germany, so the results of this study can only 
be interpreted within the sample.  

About half of the farmers in our sample use mo-
bile devices on their farms. Specifically, smartphones 
and tablets are used by 43% of respondents for agri-
cultural purposes. On average, the surveyed farmers 

rate digital support tools as rather important (3.91 
points on a 5-point Likert-scale2) for farm profitability 
over the next 10 years (see Appendix C). 

4.2 Regression Results 
The results of the ordinal logistic regression show the 
extent to which the independent variables influence 
farmers in terms of their TTMU stage and thus the 
perceived usefulness of digital RMTs. The regression 
results are presented in Figure 2 by graphing the  

                                                           
2  Respondents often view responses (often five) to a Lik-

ert-item as points on a continuum from low to high, 
with response distributions resembling those on a scale 
line with equal spacing between points (WILLITS et al., 
2016). Many researchers choose to treat ordinal scales 
as interval scales, which allows the calculation of means 
and standard deviations. According to STEVENS (1946), 
LORD (1953) and KNAPP (1990), this can lead to many 
fruitful and meaningful results. On this basis, we use 
means and standard deviations in Table 2. 

Table 2.  Descriptive statistics (N = 160) 

Variable Description Mean/Share S.D. Min Max German 
Averagea) 

Age Famers age in years 45.52 12.45 21.00 74.00 53.00 
 ≤25 years 0.03 - 0.00 1.00 0.01 
 >25 and ≤35 0.24 - 0.00 1.00 0.07 
 >35 and ≤45 0.25 - 0.00 1.00 0.17 
 >45 and ≤55 0.21 - 0.00 1.00 0.29 
 >55 years 0.27 - 0.00 1.00 0.47 

Education 1, if the farmer holds a university degree; 0 
otherwise 

0.48 - 0.00 1.00 0.09 

Full_Time 1, if the farmer is full-time farmer; 0 otherwise 0.48 - 0.00 1.00 0.58 
Farm_Size Farm size in hectares (arable land + pasture 

land) 
259.76 390.16 5.00 2550.00 63.00 

 ≥5 and ≤10 hectares 0.01 - 0.00 1 0.17 
 >10 and ≤20 hectares 0.02 - 0.00 1 0.20 
 >20 and ≤50 hectares 0.09 - 0.00 1 0.23 
 >50 and ≤100 hectares 0.26 - 0.00 1 0.17 
 >100 and ≤200 hectares 0.27 - 0.00 1 0.10 
 >200 and ≤500 hectares 0.25 - 0.00 1 0.04 
 >500 hectares 0.11 - 0.00 1 0.02 

Soil_Quality Soil quality in soil points 49.84 18.66 10.00 90.00 n.a. 
Rented_Land Share of rental land in percent 50.78 26.88 0.00 100.00 66.37 
Mobile_Devices 1, if the farmer uses smartphone and tablet for 

farming purposes; 0 otherwise 
0.43 - 0.00 1.00 n.a. 

Importance_Futureb) `How important will adapting to digital farm-
ing and using digital support tools be to you 
within the next 10 years, in terms of your 
farms profitability?`c) 

3.91 1.02 1.00 5.00 n.a. 

S.D. = Standard deviation; n.a. = not available 
a) German Average from the farmer population (FEDERAL STATISTICAL OFFICE OF GERMANY, 2019). 
b) 5-point Likert-scale (1 = not important; 5 = very important) 
c) Translated from German into English. 
Source: Own data and calculations; FEDERAL STATISTICAL OFFICE OF GERMANY (2019). 
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coefficients and their confidence intervals in coeffi-
cient plots. A coefficient plot is a useful visualisation 
of regression results in showing the effects in the 
model with lines indicating the width of the 95% con-
fidence intervals. Variables whose lines (confidence 
intervals) intersect the reference line at zero are not 
statistically significant. For completeness, we added a 
table with the coefficients, the associated standard 
errors, and the 95%-confidence intervals in Appendix 
D. The calculation of the predicted probabilities (see 
Appendix E) shows that the average farmer in the 
sample has a probability of 68% of being classified in 
the Contemplation stage (TTMU = 2). This is roughly 
in line with our descriptive results, according to which 
about 60% of the farmers in our sample belong to the 
Contemplation stage. 

As shown in Figure 2, age has a slightly positive 
but almost neutral influence on farmers’ perceived 
usefulness of digital RMTs. We expected a positive 
effect, as older farmers tend to be more risk averse 
(VROOM and PAHL, 1971; DOHMEN et al., 2011), sug-
gesting a higher interest in risk management. Howev-
er, older farmers are also less likely to adopt new 
technologies (PAUSTIAN and THEUVSEN, 2017; 
TAMIRAT et al., 2018), suggesting a negative influ-

ence of age on the adoption of digital 
tools. The contrasting effects of age on 
adoption of new technologies and risk 
management described in the literature 
may explain why age does not have a 
considerable impact on farmers’ transi-
tion from one usefulness stage to the 
next in terms of digital RMTs. 

Education has a positive influence 
on farmers’ perceived usefulness of 
digital RMTs, suggesting that farmers 
with higher level of education are as-
signed to a higher TTMU stage. We 
also expected a positive effect, which 
is in line with several studies on the 
acceptance of technologies and RMIs. 
Literature suggests that famers with 
higher levels of education are more 
likely to adopt PATs (TEY and 
BRINDAL, 2012; AUBERT et al., 2012; 
PIERPAOLI et al., 2013) and RMIs, e.g. 
contract farming and diversification 
(ADNAN et al., 2020). 

Full-time farming clearly has a 
positive effect on farmers’ perceived 
usefulness of digital RMTs, suggesting 

that full-time farmers are more likely to be at a higher 
TTMU stage. This is consistent with our expectation 
that full-time farmers find digital RMTs more useful. 
We derived this from the converging literature on 
digitisation and risk management, which shows that 
full-time farmers are more likely to use PATs 
(DABERKOW and MCBRIDE, 2003; KOTSIRI et al., 
2011) and RMTs (VELANDIA et al., 2009). 

Farm size does not seem to have an impact on 
farmers’ perceived usefulness of digital RMTs (see 
Figure 2). The (almost) neutral effect indicates that 
farmers with small-to-medium sized farms have the 
same chances of reaching a higher TTMU stage as 
farmers managing larger farms. We found opposite 
results in the literature for the effects of farm size. 
Farmers with larger farms are more likely to adopt 
PATs (TEY and BRINDAL, 2012; PAUSTIAN and 
THEUVSEN, 2017), but also have a greater risk capaci-
ty, indicating a lower need for risk management 
(ADNAN et al., 2020). These opposing effects could be 
the reason why farm size has almost no influence on 
farmers’ perception of digital RMTs. 

Soil quality has a slightly negative impact on 
farmers’ perceived usefulness of digital RMTs, sug-
gesting that farmers with poorer soil quality are more 

Figure 2.  Coefficients and 95% confidence intervals of factors 
in an ordered logit model that may influence farm-
ers’ perceived usefulness of digital RMTs (N = 160)a) 

 
a) Points represent coefficients; horizontal lines represent confidence intervals. The 
vertical line represents the reference line at zero, the crossing of which indicates 
statistical non-significance. 
Source:  Own illustration calculated and presented with STATA 17 and based on 

own data. 
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likely to be at a higher TTMU stage. This is consistent 
with our expectation that lower soil quality leads to 
higher perceived usefulness of effective risk monitor-
ing tools such as digital RMTs, as yields are lower 
and safety buffer is smaller. Conversely, the literature 
on digitisation says that farmers with better soil quali-
ties are more willing to use PATs (DABERKOW and 
MCBRIDE, 2003; TEY and BRINDAL, 2012). 

Rented land has a slightly positive influence on 
farmers’ perceived usefulness of digital RMTs. We 
expected that farmers with a higher proportion of 
rented land would find digital RMTs more useful, as 
they are less able to bear risk, have a higher risk aver-
sion, and a higher need for RMIs (VELANDIA et al., 
2009; VIGANI and KATHAGE, 2019). However, farm-
ers with a higher proportion of rented land are less 
likely to adopt new technologies and PATs (ROBERTS 
et al., 2004; TEY and BRINDAL, 2012). As with the 
factors age and farm size, there are also opposing 
effects in the literature of the influence of rented land 
on the adoption of technologies and RMIs. Moreover, 
as with the factors age and farm size, the effect of 
rented land on the allocation of farmers to a TTMU 
stage is almost neutral. It follows that factors which 
show opposite effects on the adoption of technologies 
and RMIs in the literature do not have a considerable 
effect on the adoption of both together (digital RMTs) 
in our study. This suggests that focusing on only one 
part of the literature, e.g. only digitisation, is not suf-
ficient to derive initial expectations about factors that 
influence the combination of digitisation and risk 
management. 

The use of mobile devices has a positive impact 
on farmers’ perceived usefulness of digital RMTs. 
Note that the use of mobile devices has the greatest 
influence among the factors studied. Farmers using 
mobile devices are more likely to be at a higher 
TTMU stage. We expected this result, as PATs adop-
tion and hedging participation is more likely when 
farmers are already using similar technologies or 
computers (MISHRA and EL‐OSTA, 2002; D’ANTONI 
et al., 2012; GRIFFIN et al., 2017). 

The perceived importance of digital support tools 
in the future has a clear positive influence on farmers’ 
perceived usefulness of digital RMTs. Farmers who 
consider digital tools to be important are more likely to 
be at a higher TTMU stage, i.e. they consider digital 
RMTs to be more useful. Since WATCHARAANANTA-
PONG et al. (2014) found that farmers who believed 
PATs would be important in five years adopted PATs 
earlier than others, we expected this result. 

5  Conclusions 

Digital RMTs help farmers monitor and manage risks. 
Volatile agricultural markets, climate change and po-
litical changes pose new challenges to farmers and 
make risk management even more complex (GÖMANN 
et al., 2015; LUNT et al., 2016; GRILLAKIS, 2019). 
Digital RMTs assist farmers in identifying hidden 
risks in everyday farming, developing a structured 
overview of all risks and deciding on appropriate risk 
management strategies (WAPPNET, 2020). So far, 
there are only a few digital RMTs, which are hardly 
used by farmers and are still relatively unexplored in 
research and in practice. 

To gain initial insights into farmers’ adoption 
process, the study aims to analyse farmers’ perceived 
usefulness of digital RMTs gradually at a point in 
time and the factors influencing adoption. For this 
purpose, we conducted an online survey with 160 
German farmers in spring 2020 and implemented a 
novel modification of the TTMC called TTMU. The 
TTMU assigns farmers to different temporal stages 
according to their perceived usefulness and thus offers 
deeper insights into farmers’ actual perceptions than, 
for example, binary classifications. We estimated an 
ordered logit model to identify factors that influence 
farmers’ perceived usefulness and thus the transition 
from one TTMU stage to the next.  

The evaluation of the successfully applied TTMU 
shows that the average farmer in our sample perceives 
digital RMTs as potentially useful at this point, which 
corresponds to the second of four stages (Contempla-
tion stage). This indicates that, on average, farmers 
are aware of the possible advantages and disad-
vantages of digital RMTs, but do not yet have con-
crete plans for their use. Consequently, farmers are on 
average two steps away from adopting digital RMTs. 
As digital RMTs can potentially be seen as an inter-
mediate step on the way to using AI in risk manage-
ment, farmers are probably still much further away 
from accepting AI than digital tools in risk manage-
ment. 

The results of the ordered logit model show that 
farmers in our sample who have higher levels of edu-
cation, work full-time on the farm, use mobile devices 
for farming purposes and consider digital tools im-
portant for the future find digital RMTs more useful. 
These farmers are more likely to be at a higher TTMU 
stage. Farmers’ age, farm size, soil quality and share 
of rented land have almost neutral effects on the per-
ceived usefulness of digital RMTs. 
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In our case, looking at and combining the two lit-
erature fields of digitisation and risk management was 
well suited for deriving factors influencing farmers’ 
perceived usefulness of digital RMTs. If we could 
derive clear expectations from the literature on digiti-
sation and risk management for one factor, e.g. level 
of education, this factor indeed shows the presumed 
effect on the perceived usefulness of digital RMTs. 
An exception is the factor ‘soil quality’, for which 
however, comparatively little literature is available. 
For age, farm size and share of rented land, we found 
contrasting effects in the literature regarding their 
effect on the adoption of new technologies and RMIs 
and could not derive any clear expectations. Accord-
ingly, they showed almost neutral effects on the per-
ceived usefulness of digital RMTs. 

As we contribute to the literature by identifying 
farmers’ readiness for digital RMTs and the factors 
that influence adoption, our research is of interest to 
policy makers and researchers working on digitisation 
and risk management in agriculture, as well as to tool 
providers. By identifying pioneer users, we provide 
guidance to policy makers and tool providers on how 
to develop efficient strategies to encourage farmers to 
digitise their risk management. Above all, they can 
improve farmers’ access to mobile devices and raise 
awareness of the importance of digital tools. This can 
lead to an increase in the perceived usefulness and 
thus adoption of digital RMTs. Furthermore, our find-
ings provide policy makers with first insights into 
farmers’ readiness to use AI in terms of risk manage-
ment. It may be of interest to researchers that the liter-
ature on digitisation and risk management is suitable 
for making initial expectations about what influences 
the adoption of digital RMTs. Additional benefit 
comes from our successful application of the TTM in 
the field of digital risk management in agriculture, as 
it supports the adaptation of a TTM in further research 
areas.  

Subsequent research can focus on a larger sample 
size, more influencing factors and the influence of the 
formulation of TTM statements. Our results are sub-
ject to reservations, as the sample is not representative 
of the German agricultural population. For further 
studies, it is recommended to use a larger sample as 
well as samples from other countries, e.g. countries 
with a lower uptake of mobile devices. With regard to 
the inconsiderable effects of some personal and farm-
specific characteristics on the perceived usefulness of 
digital RMTs, we recommend the use of latent varia-
bles for further research to extend our results. In con-

trast to easily observable characteristics, latent vari-
ables give a deeper insight into a person’s behaviour, 
helping to understand farmers’ motivational struc-
tures, which is important for promoting acceptance 
(SOK et al., 2021; OWUSU-SEKYERE et al., 2022). 
Although we provided a detailed introductory text for 
the fictitious digital RMT, farmers may have had dif-
ficulty answering some questions because they lacked 
a connection to reality. This limits the validity of our 
results. In order for the TTM to be used without hesi-
tation, future research could investigate whether the 
wording of the TTM statements has an influence on 
the response. 
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Appendices 

Appendix A 
Introduction to the fictitious digital RMT (translated from German into English) 

We will first introduce to you a possible digital RMT that you can use on your computer as well as on your 
smartphone and tablet:  
In the fictitious RMT, a variety of possible risk factors are available for selection. With the help of step-by-step 
instructions, you can assess not only existing and current situations, but also future plans and first ideas.  

In the first step, you typify your company by choosing between e.g. growth companies, family companies 
or branded companies. For better comprehension, all items are accompanied by explanatory information. The 
next level has categories such as location, consumer, legislator or food industry, from which you can sponta-
neously select subordinate influencing factors which are suitable for your business. After that, you name your 
concrete project and select risk factors from categories (e.g. failure of technology, lack of know-how in han-
dling, permanent high stress level) that could threaten the achievement of the project now or in future. One step 
further, you can rank the already selected risk factors according to their importance. You can also enter here for 
each risk factor whether it has an effect on assets, liquidity, health and reputation. In addition, you can estimate 
the probability of damage in percent of a risk factor and the amount of damage in euros, as well as measures 
against the risk factors. At the end, you can read off the weighted risk factors with their ratings for your project 
from a well-structured table. The result is generated exclusively by your own inputs and evaluations or by third 
parties whom you may have asked to evaluate your risk management with the help of the programme.  

In the next step, we present you statements that relate to the digital RMT described above. You will be asked to 
indicate the level of your agreement. 
 

Appendix B 
Question for the TTMU (translated from German into English) 

Which statement are you most likely to agree with? 

⃝ The use of a digital RMT is currently of no benefit to me. 

⃝ The use of a digital RMT could currently be useful for me. 

⃝ The use of a digital RMT could currently be of great benefit to me. 

⃝ The use of a digital RMT is certainly of great benefit to me at the moment. 

 

Appendix C 
Question for the importance of digital support tools in the next 10 years (translated from German into English) 

How important will adapting to digital farming and using digital support tools be to you within the next  
10 years, in terms of your farm’s profitability? 
Please select a box on the scale from 1 to 5.  

⃝ 1 (not at all important) 

⃝ 2 (rather not important) 

⃝ 3 (I do not know) 

⃝ 4 (rather important) 

⃝ 5 (very important) 
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Appendix D 
Table A1.  Results of the ordinal logistic regression for the TTMU (N = 160)a) 
Variable Coefficient S.E. [95% - Confidence interval] 
Age 0.014 0.016 [-0.017; 0.044] 
Education 0.611 0.380 [-0.134; 1.357] 
Full_Time 0.247 0.362 [-0.463; 0.957] 
Farm_Size 0.0003 0.0004 [-0.0006; 0.0011] 
Soil_Quality -0.0201 0.0101 [-0.0400; -0.0003] 
Rented_Land 0.010 0.007 [-0.003; 0.023] 
Mobile_Devices 1.139 0.372 [0.410; 1.868] 
Importance_Future b) 0.714 0.195 [0.331; 1.097] 
Likelihood ratio test (χ2) 42.60 (p < 0.001) 

  
Log likelihood value -125.124 

  
McFadden Pseudo-R2 0.146     

S.E. = Standard error 
a) Dependent variable is TTMU; Stage 3 and 4 were combined in accordance with the Brant test for the parallel regression assumption.  
b) 5-point Likert-scale (1 = not important; 5 = very important) 
Source: Own data and calculations. 
 

Appendix E 
Table A2. Predicted probabilities and marginal effects (N = 160)a) 

  TTMU = 1 TTMU = 2 TTMU = 3 
Predicted probability 0.249 0.673 0.078 
Variable Marginal effects b) 
Age -0.003 0.002 0.001 
Education -0.113 0.069 0.045 
Full_Time -0.046 0.028 0.018 
Farm_Size -0.00005 0.00003 0.00002 
Soil_Quality 0.004 -0.002 -0.001 
Rented_Land -0.002 0.001 0.001 
Mobile_Devices -0.203 0.114 0.090 
Importance_Future c) -0.133 0.082 0.051 

a) Dependent variable is TTMU; Stage 3 and 4 were combined in accordance with the Brant test for the parallel regression assumption.  
b) The sign change between the Pre-Contemplation stage (TTMU = 1) and the Contemplation stage (TTMU = 2) suggests that variables 
with a considerable effect make a difference between farmers thinking digital RMTs are not useful and farmers thinking digital RMTs 
could be useful. 
c) 5-point Likert-scale (1 = not important; 5 = very important) 
Source: Own data and calculations. 
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