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German farmers’ perceived usefulness of satellite-based index insurance – Insights from 

a transtheoretical model 

Abstract 

Index insurance is a promising tool to mitigate drought-related income losses in agriculture. Yet, the 

basis risk of index insurance based on meteorological observations inhibits farmers’ demand. To reduce 

the basis risk, the integration of satellite data has received research attention. However, farmers’ 

perceptions of satellite-based index insurance remain unknown. To derive initial insights into German 

farmers’ perceived usefulness (PU) of satellite-based index insurance, we surveyed 127 German farmers 

in a risk management context and applied a modified transtheoretical model of behavioral change 

(TTMC). This revealed detailed information on German farmers’ PU of satellite-based index insurance 

and its influencing factors. The results indicate that the average farmer perceives satellite-based index 

insurance as useful. Particularly, a higher educational level in the agricultural context as well as higher 

trust in index insurance products increases farmers’ PU. Moreover, higher relative climate-related 

income losses increase farmers’ PU. The results are of importance to insurers interested in the drivers 

of farmers’ PU of upcoming satellite-based index insurance and offers a starting point for researchers 

focusing on acceptance of index insurance and satellite data as well as for further applications of the 

TTMU.   

1. Introduction 

Climate change puts pressure on risk management of farms worldwide to secure agricultural incomes 

(Finger and El Benni, 2021). In Central Europe, catastrophic droughts and heat waves occur more 

frequently and affect crop yields negatively (Grillakis, 2019; Schmitt et al., 2022; Trnka et al., 2014). 

Index insurance is widely discussed to protect farmers from economic losses. Index insurance is cost 

efficient, reduces the problem of asymmetric information and allows quick determination of payouts. 

Moreover, the risk of moral hazard and adverse selection can be addressed (Barnett and Mahul, 2007; 

Turvey, 2001). The underlying index mainly refers to weather station data such as precipitation or 

temperature (see Leblois and Quirion, 2013). Even though the availability and variety of index insurance 

products provided by insurers in Europe has grown in the past decade, farmers’ uptake remains low 

given concerns about basis risk. Since the correlation between meteorological indices and the yield on 

a specific field is imperfect, they cannot reflect the yield loss perfectly (Heimfarth and Musshoff, 2011). 

Likewise, a rainfall event occurs at the referring weather station, but not at the respective field. Although 

a country like Germany has a dense network of weather stations, this kind of idiosyncratic event might 

be missed. Overcoming this problem is of great importance for the adoption of index insurance by 

farmers (Clarke, 2016). 

Satellite data seem promising to address basis risk given that they are globally available in nearly 

real time and independent of the density of weather stations (Quiring and Ganesh, 2010). Satellites 

provide data on crops’ health status or evapotranspiration (e.g. Jensen et al., 2019; Leblois and Quirion, 
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2013) or detect soil moisture at the surface or in deeper layers with different spatial and temporal 

resolutions (e.g. Enenkel et al., 2018; Vroege et al., 2021). Hence, there is a large research interest 

regarding their effect on hedging effectiveness and basis risk (e.g. Kölle et al., 2020; Vroege et al., 

2021). In general, a potentially higher hedging effectiveness or a reduction in basis risk was found for 

various satellite-based indices compared to meteorological measurements. Therefore, from a theoretical 

point of view, satellite data increase the attractiveness of index insurance for farmers. However, 

evaluation of farmers’ perceptions is necessary (Vroege et al., 2021). 

Farmers’ preferences for index insurance are of major interest in research (e.g. Doherty et al., 2021; 

Liebe et al., 2012). Surprisingly, studies integrating satellite data in this context are hard to find. 

Additionally, literature explicitly addressing farmers’ perceived usefulness (PU) for satellite-based 

index insurance is missing. Particularly, until now it is unclear whether or to what extent farmers 

perceive them as useful. Knowledge of farmers’ PU is important since several studies showed a direct 

relationship to adoption of new technologies (e.g. Rose et al., 2016; Tamirat et al., 2018). Therefore, 

this study investigates German farmers’ PU for satellite-based index insurance in general from the 

perspective of a new modification of the transtheoretical model of behavior change (TTMC). In this 

way, preliminary insights regarding influencing factors on different stages of PU are provided.  

For our purpose, the TTMC developed by Prochaska and Velicer (1997) was modified and applied 

as a transtheoretical model of PU (TTMU), which accounts for more than two stages of PU. Although 

the transtheoretical model is rarely applied to investigate PU compared to Likert scales or binary choices, 

it is appropriate as it captures the decision-making process gradually at a given point in time. For 

example, one farmer may perceive the use of satellite data for index insurance as useful while another 

does not, resulting in them being at different stages of PU. In turn, other farmers might perceive that the 

use of satellite data could be very useful at the current point of time, which is also another stage of PU. 

In agricultural research, Lemken et al. (2017) and Michels et al. (2020b) modified the TTMC and applied 

it to the adoption of precision agriculture technologies (PAT). However, the TTMU, as a new 

specification of the TTMC, has not been applied in an agricultural context.  

To the best of our knowledge, this is the first study that investigates the PU of upcoming satellite-

based index insurance. Moreover, this is the first study that tests the transtheoretical model in a risk 

management context by applying a modified TTMU. In doing so, preliminary insights if and to what 

extent it is perceived as useful by farmers and factors influencing their PU at the current point of time 

can be derived. Germany is of particular interest because only about 1% of farmers have index insurance 

despite a dense network of weather stations and a nationwide catastrophic drought in 2018 that caused 

considerable yield losses (Bundesministerium für Ernährung und Landwirtschaft, 2018; German 

Insurance Association, 2019). Accordingly, insights into German farmers’ PU could be transferred to 

countries with a sparse network of weather stations. Hence, our results are of interest for insurers who 

are developing new insurance products. Moreover, this study provides a starting point for researchers 
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interested in ongoing research regarding farmers’ perceptions of satellite-based index insurance as well 

as for further applications of the TTMU.  

The remainder of this article is structured as follows. Section 2 presents the hypotheses derived from 

the literature of possible influencing factors. Section 3 shows the methodology approach of the TTMU 

and data collection. The results of the TTMU are presented and discussed in section 4, while a conclusion 

ends up this paper (section 5). 

2. Hypotheses 

With regard to PAT, the conceptual framework of Pierpaoli et al. (2013) was applied to identify 

influencing factors of adoption. We modified the variables that potentially affect the PU of satellite-

based index insurance to the risk management context. Following Pierpaoli et al. (2013), we focused on 

competitive and contingent factors of the farm (H1, H2, H3), socio-demographic factors (H4, H5, H6) 

and financial resources (H7, H8). Also considered were the attitude of confidence (Lampe and 

Würtenberger, 2020) (H9) and farmers’ general risk attitude (H10).  

Although larger farms in terms of hectares (ha) face greater organizational complexity, they can 

allocate more management resources to risk management to possibly reduce the marginal costs of risk 

management (Vigani and Kathage, 2019). Indeed, larger farms are more likely to be insured against 

adverse weather events (e.g. Santeramo et al., 2016; Sherrick et al., 2004). Also, larger farms tend to 

adopt PAT earlier (Ofori et al., 2020; Tamirat et al., 2018). Accordingly, it can be expected that larger 

farms perceive satellite-based index insurance more useful, which is shown in the following hypothesis: 

H1: Increasing farm size (FarmSize) has a statistically significant positive effect on farmers’ 

gradually PU. 

Finger and Lehmann (2012) and Sherrick et al. (2004) found that more specialized crop producers 

are more likely to purchase crop insurance. A possible reason might be that livestock farmers perceive 

risk management tools like crop insurance inappropriate to their farms, resulting in a lower preference 

(Hall et al., 2003). Additionally, keeping livestock provides income diversification which can reduce 

demand for crop insurance since it can be classified as self-insurance (Kazianga and Udry, 2006). With 

regard to the use of satellite data, research focuses mainly on arable crops, fruits and vegetables, which 

would be of greater importance to arable farmers (e.g. Kölle et al., 2020; Vroege et al., 2021). Therefore, 

we derive the following hypothesis:  

H2: Keeping livestock (Livestock) has a statistically significant negative effect on farmers’ gradually  

PU.  

Soil is a crucial factor for agricultural production. Crop yields are positively correlated with the 

factors water content, cation exchange capacity and the content of clay and carbon (Usowicz and Lipiec, 

2017). Particularly, poorer soil quality leads to a lower water-holding capacity and is therefore more 

vulnerable to droughts and heat periods (Lüttger and Feike, 2018). In fact, Liebe et al. (2012) found an 
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increasing preference for index insurance with lower soil quality, which Mishra and Goodwin (2003) 

have shown to be true for crop insurance in general. By using satellite data, the water content of soil is 

used more frequently as the referring index (e.g. Vroege et al., 2021). Hence, the following hypothesis 

will be tested:  

H3: Higher soil quality (SoilQuality) has a statistically significant negative effect on farmers’ 

gradually PU. 

Conclusions regarding age and its effect on insurance and technology adoption are ambiguous. 

Younger farmers are known to show higher adoption rates of crop insurance in general than older 

farmers (Liesivaara and Myyrä, 2014; Mishra and El‐Osta, 2002). However, more recent studies 

specifically addressing index insurance present different results. While Doherty et al. (2021) showed 

that younger farmers have a higher preference for index insurance, Ghosh et al. (2021) found no 

statistically significant effect. Nevertheless, with regard to new technologies, it is argued that younger 

farmers have a higher interest in new technologies or willingness to adopt (D’Antoni et al., 2012). For 

instance, younger farmers are more willing to use satellite imagery for precision management (Larson 

et al., 2008). Therefore, the following hypothesis is given: 

H4: Higher age (Age) has a statistically significant negative effect on farmers’ gradually PU. 

Finger and Lehmann (2012) and Enjolras and Sentis (2011) conclude that higher educated farmers 

are more likely to buy crop insurance. In contrast, this could not be confirmed for the case of index 

insurance (Doherty et al., 2021). By using satellite data, the requirements of cognitive ability to 

guarantee full understanding would be even higher compared to meteorological data as Conradt et al. 

(2015) already mentioned for the use of phenological data. Moreover, farmers with higher education are 

assumed to understand and apply new technologies, even if they are complex, more quickly than others 

and exhibit faster learning effects (Cole et al., 2017; Mishra and El‐Osta, 2002). Since this was also 

observed for the application of satellite imagery for precision management (Larson et al., 2008), it can 

also be expected that the PU is affected by farmers’ education as expressed in the following hypothesis: 

H5: Higher education (Education) has a statistically significant positive effect on farmers’ gradually 

PU. 

The role of gender in the adoption of risk management tools depends on the specific context as no 

differences can be found in general (Hoag et al., 2011). Whereas Mußhoff et al. (2014) showed that 

male farmers are more likely to purchase index insurance, Gaurav and Chaudhary (2020) did not find a 

statistically significant gender difference. Akter et al. (2016) argued that women might be less familiar 

with index insurance. Beside this, literature identified that male farmers show a higher willingness to 

adopt new technologies (Michels et al., 2020b). Taking both considerations into account, the following 

is hypothesized: 
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H6: Being a male farmer (Gender) has a statistically significant positive effect on farmers’ gradually 

PU.  

Part-time farmers, who already have a fixed off-farm income, might have a higher tolerance to take 

agricultural risks (El Benni et al. 2016). Likewise, Velandia et al. (2009) showed that higher off-farm 

income reduces incentives to adopt risk management tools in general and crop insurance in particular 

(Finger and Lehmann, 2012; Mishra and Goodwin, 2003). With regard to new technologies, farmers 

fully focusing on their farm business tend to be more interested in new technologies (Daberkow and 

McBride, 2003). Accordingly, it can be expected that full-time farmers are more interested in satellite-

based insurance, which is shown in the following hypothesis to be tested: 

H7: Being a full-time farmer (FullTime) has a statistically significant positive effect on farmers’ 

gradually PU.  

Germany was strongly affected by a nationwide drought in 2018. Yields for various crops were up 

to 30% below the long-term average (Bundesministerium für Ernährung und Landwirtschaft, 2018). 

Therefore, many of the surveyed farmers were directly affected. The fact that increasing weather risks 

influence farmers’ insurance decisions is clear in literature (e.g. Di Falco et al., 2014). Moreover, 

Doherty et al. (2021) and Enjolras and Sentis (2011) showed that farmers who were previously affected 

by extreme droughts have a higher preference for crop insurance and index insurance in particular. This 

relationship is displayed in the following hypothesis: 

H8: Higher relative weather-related income losses (IncomeLoss) in the past few years have a 

statistically significant positive effect on farmers’ gradually PU.  

The attitude of confidence to learn and understand a technology was investigated for the adoption of 

PAT. For instance, the adoption of drones was influenced by the attitude of confidence in the technology 

(Michels et al., 2020b). Regarding index insurance, a low understanding and trust in insurance products 

based on meteorological indices causes a low demand (Cole et al., 2017; Lampe and Würtenberger, 

2020). Since satellite-based indices related to chlorophyll production or soil moisture are even more 

complex than temperature or precipitation, it can also be expected that the level of trust in these indices 

could influence PU, as presented in the following hypothesis: 

H9: Higher attitude of confidence (Trust) in index insurance products has a statistically significant 

positive effect on farmers’ gradually PU. 

Knowing the general risk attitude of farmers is important to tailor risk management. For instance, 

risk-averse farmers rate the probability of losses as comparatively higher (Menapace et al., 2013) and 

are more willing to buy crop insurance (Möllmann et al., 2019; Sherrick et al., 2004; Vigani and 

Kathage, 2019). However, Liebe et al. (2012) and Giné et al. (2008) showed the risk attitude does not 

influence farmers’ preferences for index insurance. Nevertheless, risk aversion is related to the 
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introduction of technologies that can reduce farmers’ risk exposure (Marra et al., 2003). Therefore, the 

following is hypothesized:  

H10: Higher degree of risk aversion (RiskAttitude) has a statistically significant positive effect on 

farmers’ gradually PU. 

3. Data and Methods 

3.1 Study design and data collection 

In June 2021, an online survey addressing German farmers was conducted. Prior to the study, 

approval was obtained from the ethics committee of the university of [will be filled after acceptance]. 

Farmers were invited to participate via email if they had already participated in previous surveys, and 

via social media and agricultural newsletters. Among German farmers, the use of computers and 

smartphones is over 90% (Michels et al., 2020a), making an online survey suitable for our purpose. 

Participating farmers were informed that they could end the survey at any time without negative 

consequences. In the first part of the survey, a hypothetical satellite-based index insurance using a 

satellite-based soil moisture index as an example was explained to farmers in a learning session 

(Appendix A). A graph showing the relationship between index and yield over the last few years for an 

example location in Germany was also shown to make farmers aware of the remaining basis risk. The 

second part required farmers to answer the TTMU question about their gradually PU of satellite-based 

index insurance in general. Farmers were also asked to give information on their socio-economic and 

farm characteristics. Moreover, farmers were asked for their general risk attitude on a 11-point equally 

spaced Likert scale according to Dohmen et al. (2011) (0-4=risk-averse, 5=risk-neutral, 6-10=risk-

seeking). Furthermore, their attitude of confidence in index insurance products was quantified on a 5-

point equally spaced Likert scale along with the relative effect of weather risks on farm income.  

3.2 Transtheoretical model of PU 

The TTMC presents a way of taking into account the gradual stages in the process of behavioral change 

of individuals (Prochaska and Velicer, 1997). Although the TTMC was developed to investigate health 

behavior issues, Michels et al. (2020b) and Lemken et al. (2017) applied it successfully in an agricultural 

context. Table I presents the modification of the TTMC into the TTMU. The first stage is the “pre-

contemplation”, which does not require any intention or motivation to change. In the second stage, 

“contemplation”, individuals have the general intention to change their behavior but are aware of the 

advantages and disadvantages of change. Therefore, they can remain at this stage for a long time. The 

third stage is called “preparation”, where individuals have a concrete plan to change their behavior and 

plan to take an action in the near future. The last stage is “action”, which implies that the related behavior 

has already changed (Prochaska and Velicer, 1997). 
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Table I: The modified TTMU for the PU of satellite-based index insurance  

Stage TTMC concept TTMU modification Coding 

Pre-contemplation No intention or motivation to change An index insurance based on satellite data is currently of no benefit for me. 1 

Contemplation Intention to change An index insurance based on satellite data could currently be useful for me. 2 

Preparation Intention to change with a concrete plan An index insurance based on satellite data could currently be of great benefit for me. 3 

Action Behavior has changed An index insurance based on satellite data is certainly of great benefit for me at the moment. 4 

Note: Translated from German into English. 
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3.3 Econometric model 

The econometric analysis is based on our modified TTMU question. As it is ordinal with four 

possible categories, an ordered logit model is applied. All variables discussed in section 2 were included 

as the independent variables. Following Verbeek (2017), the process of PU can be written as:  

𝑦∗ = 𝑋𝛽 + 𝑒 (1) 

where 𝑦∗ describes an unobserved component representing the gradual PU. 𝑋 includes the 

independent variables, 𝛽 represents the estimated coefficients and the parameter 𝑒 is the error term. 

However, from the unobservable component 𝑦∗, the gradual stages of usefulness can be made visible 

by considering the following: 

𝑦 =

{
  
 

  
 

0 𝑖𝑓 𝑦∗ ≤ 𝜇1
1 𝑖𝑓 𝜇1 < 𝑦∗ ≤ 𝜇2 ,
2 𝑖𝑓 𝜇2 < 𝑦∗ ≤ 𝜇3,

.

.

.
𝑁 𝑖𝑓 𝜇𝑁 < 𝑦

∗

 
(2) 

 

where 𝑁 denotes the number of gradual stages of usefulness and 𝜇𝑛 indicates the corresponding 

endpoint of each observable stage. We specify the econometric model by including the independent 

variables for which we have derived hypotheses to investigate their effect on the dependent variable 

(TTMU), resulting in the following equation:  

𝑇𝑇𝑀𝑈𝑖 = 𝛽0 + 𝛽1𝐹𝑎𝑟𝑚𝑆𝑖𝑧𝑒 + 𝛽2𝐿𝑖𝑣𝑒𝑠𝑡𝑜𝑐𝑘 + 𝛽3𝑆𝑜𝑖𝑙𝑄𝑢𝑎𝑙𝑖𝑡𝑦 + 𝛽4𝐴𝑔𝑒

+ 𝛽5𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 + 𝛽6𝐺𝑒𝑛𝑑𝑒𝑟 + 𝛽7𝐹𝑢𝑙𝑙𝑇𝑖𝑚𝑒 + 𝛽8𝐼𝑛𝑐𝑜𝑚𝑒𝐿𝑜𝑠𝑠

+ 𝛽9𝑇𝑟𝑢𝑠𝑡 + 𝛽10𝑅𝑖𝑠𝑘𝐴𝑡𝑡𝑖𝑡𝑢𝑑𝑒 + 𝜀𝑖 

(3) 

where 𝑖 represents the individual respondent and 𝜀𝑖 represents the error term that is assumed to be 

logistically distributed. The regression coefficients were estimated as odds ratios (OR). OR’s below 1 

indicate a negative effect and OR’s above 1 indicate a positive effect of the independent variables on 

the PU. The robustness of the results was checked in advance by excluding possible multicollinearities 

(Curto and Pinto, 2011). In order to confirm that the parallel regression assumption was met, the Brant 

test was applied. This assumption states that all coefficients of the dependent variables are equivalent 

for all ordinal stages. Therefore, according to Guzman-Castillo et al. (2015), only one set of coefficients 

needs to be calculated, since there is a linear relationship between all pairs of stages.  

4. Results and discussion 

4.1 Descriptive statistics 

127 farmers fully answered the questionnaire and were included in the analysis. 19 farmers (15.0%) 

state that they perceive the use of satellite data in index insurance as not useful at this point of time (pre-

contemplation stage) while 57 farmers (44.9%) state that it could be useful (contemplation stage). 
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Further, 51 farmers (40.1%) indicate that satellite-based index insurance could currently be of great 

benefit to them (preparation stage). On average, the value for the TTMU is 2.25 which means that the 

average farmer is in the contemplation stage. As mentioned, farmers in this stage are aware of the 

advantages as well as the disadvantages, but they are not yet pursuing a concrete plan for adoption 

(Prochaska and Velicer, 1997).  

The descriptive statistics of all integrated variables are shown in Table II. The surveyed farmers farm 

on average 201 ha, which is more than the average German (63 ha). 53% keep livestock, which does not 

exactly correspond to the German average (69%). The average farmer in the sample is 42 years old and 

younger than the German average farmer (53 years). With respect to education, 57% hold a university 

degree, 27% have an advanced certificate in agriculture, 11% have a certificate in agriculture and 5% 

have no agricultural education. In Germany, only 14% of all farmers hold a university degree and 36% 

have an advanced certificate in agriculture. The share of female farmers in our sample matches perfectly 

with the share of female farmers among all German farmers (10%). Farming is the main occupation for 

84% of the farmers, which largely exceeds the German average (48%) (German Farmers Federation, 

2021). The average farmer can be classified as slightly risk-averse with an average value of 4.21. 

Farmers categorized their average income loss from weather risks in recent years at 6-10%. The level 

of trust in index insurance products reached on average 2.90 points, indicating that farmers rate their 

trust as medium-high on average. In summary, the surveyed farmers are younger, higher educated, and 

have larger farms than the average German farmer. However, this group of farmers was identified as the 

core group of PAT adopters (Michels et al., 2020a). 
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Table II: Descriptive statistics and the expected effect of the included variables  

Hypothesis Variable Description 
Expected 

sign 
Mean S.D. Min Max 

German 

averagea) 

 TTMU Transtheoretical model of PUb)  2.25 0.70 1 3 n.a. 

H1 FarmSize Farm size in ha (arable land + pasture land) + 200.66 268.95 5 2300 62 

H2 Livestock 1, if the farmer is engaged in livestock farming; 0 otherwise - 0.53 - 0 1 0.69 

H3 SoilQuality Soil quality in soil points - 54.57 17.34 25 95 n.a. 

H4 Age Famers age in years - 42.08 13.73 22 75 53 

H5 Education 1, if the farmer has no agricultural education; 2, if the farmer has a 

certificate in agriculture; 3, if the farmer has an advanced certificate 

in agriculture; 4, if the farmer holds a university degree  

+ 3.38 0.85 1 4 n.a. 

H6 Gender 1, if the farmer is male; 0 otherwise + 0.90 - 0 1 0.90 

H7 FullTime 1, if the farmer is full-time farmer; 0 otherwise + 0.84 - 0 1 0.48 

H8 IncomeLoss  “What has been the relative loss of income due to climate risks on 

your farm during the last 5 years on average?”c) 

+ 3.20 1.25 1 6 n.a. 

H9 Trust “How do you rate your confidence in index insurance products in 

general?”d) 

+ 2.91 0.70 1 4 n.a. 

H10 RiskAttitude  “Are you a person who is fully willing to take risks or do you try to 

avoid risks?”e) 

+ 4.21 2.3 0 10 n.a. 

Notes: n=127. S.D.=Standard deviation; n.a.=not available. a)German Farmers Federation (2021); b)1=The use of satellite data in index insurance is currently of no benefit for me. 

2=The use of satellite data in index insurance could currently be useful for me. 3=The use of satellite data in index insurance could currently be of great benefit for me. 4=The use 

of satellite-data in index insurance is certainly of great benefit for me at the moment; c)categorical variable (1=0%; 2=1-5%; 3=6-10%; 4=11-15%; 5=16-20%; 6=>20%); d)5-point 

Likert scale (1=very low; 5=very high); e)11-point Likert scale (0=strongly risk-averse; 10=strongly risk-seeking)
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4.2 Econometric results 

Possible multicollinearity was checked by estimating variance inflation factors (VIF). VIF’s must be 

less than 5 and the tolerances must be higher than 0.1 (Curto and Pinto, 2011). For our model, VIF’s 

between 1.05 and 1.27 (mean of 1.14) and tolerances from 0.79 to 0.95 were obtained. Hence, 

multicollinearity cannot impair the robustness of the results. Additionally, the Brant test was conducted 

to ensure that the parallel regression assumption was not violated (Guzman-Castillo et al., 2015). The 

statistical insignificance of the Brant test (chi2=6.542, p=0.768) demonstrates reliable results.  

The results of the ordered logit model are shown in Table III1. Coefficients are expressed as OR’s 

with their corresponding standard error. Moreover, p-values and 95%-confidence intervals are 

presented. Given a statistically significant result of the likelihood-ratio test (LR chi2=21.910, p=0.016), 

at least one coefficient is statistically different from zero. For a deeper insight into each stage of the 

TTMU, marginal effects and predicted probabilities are given in Table IV. According to the predicted 

probabilities, the average farmer has a 50% probability of belonging to the contemplation stage 

(TTMU=2), which is close to the observed choice of farmers (45%). A noteworthy sign change is 

observed for all variables between the contemplation stage (TTMU=2) and the preparation stage 

(TTMU=3), indicating that farmers who think that satellite-based insurance could be useful and farmers 

think that satellite-based insurance could be of great benefit for them differ in the statistically significant 

variables. 

Table III: Results of the ordinal logistic regression for the TTMU  

Hypothesis Variable Odds ratio S.E. p-value [95%-confidence interval] 

H1 FarmSize 1.0003 0.0001 0.613 [0.999; 1.002] 

H2 Livestock 0.714 0.261 0.357 [0.349; 1.462] 

H3 SoilQuality 1.002 0.011 0.847 [0.982; 1.023] 

H4 Age 0.998 0.014 0.869 [0.970; 1.026] 

H5 Education 1.652** 0.374 0.026 [1.061; 2.574] 

H6 Gender 0.498 0.306 0.257 [0.204; 2.071] 

H7 FullTime 1.028 0.511 0.956 [0.388; 2.722] 

H8 IncomeLossa) 1.401** 0.210 0.024 [1.045; 1.880] 

H9 Trustb) 1.749** 0.447 0.029 [1.060; 2.885] 

H10 RiskAttitudec)  1.052 0.083 0.512 [0.902; 1.229] 

Log-likelihood-value -117.335    

McFadden’s pseudo-R2 0.09    

Notes: n=127. S.E.=Standard error. *, **, *** indicate statistical significance at 10%, 5% and 1% level. 
a)Categorical variable (1=0%; 2=1-5%; 3=6-10%; 4=11-15%; 5=16-20%; 6=>20%); b)5-point Likert scale (1=very 

low; 5=very high); c)11-point Likert scale (0=strongly risk-averse; 10=strongly risk-seeking). 

                                                           
1 The results for the statistically significant variables are robust when all of the statistically nonsignificant variables 

are removed from the model. 
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Table IV: Predicted probabilities and marginal effects  

    TTMU=1 TTMU=2 TTMU=3 
 Predicted probability 0.12 0.50 0.38 

Hypothesis Variable Marginal effects 

H1 FarmSize -0.00003 -0.00005 0.0001 

H2 Livestock 0.036 0.043 -0.079 

H3 SoilQuality -0.0002 -0.0003 0.0005 

H4 Age 0.0003 0.0003 -0.001 

H5 Education -0.054** -0.064* 0.118** 

H6 Gender 0.061 0.110 -0.170 

H7 FullTime -0.003 -0.004 0.006 

H8 IncomeLossa) -0.036** -0.043** 0.079** 

H9 Trustb) -0.060 ** -0.072* 0.132** 

H10 RiskAttitudec)  -0.006 -0.007 0.013 

Notes: n=127. *, **, *** indicate statistical significance at 10%, 5% and 1% level. a)Categorical variable (1=0%; 

2=1-5%; 3=6-10%; 4=11-15%; 5=16-20%; 6=>20%); b)5-point Likert scale (1=very low; 5=very high); c)11-point 

Likert scale (0=strongly risk-averse; 10=strongly risk-seeking). 

H1: Increasing farm size (FarmSize) has a statistically significant positive effect on farmers’ 

gradually PU. 

The OR in Table III indicates the expected positive effect on the PU (OR=1.0003; p=0.613). 

Nonetheless, since no statistical significance was found, no support can be given to H1. A statistically 

significant positive influence was expected since larger farms are more likely to adopt risk management 

tools and crop insurance in particular (e.g. Santeramo et al., 2016). Additionally, a higher allocation of 

management capacity to risk management of larger farms was assumed to influence the PU (Vigani and 

Kathage, 2019). However, the importance of risk management has grown among farmers in general, as 

droughts occur more often in Europe and affect larger areas (Grillakis, 2019). Satellite data can depict 

entire regions as well as high spatial resolution, while weather stations can have a higher distance to 

smaller farms. This may increase the PU of smaller farms, as the geographical basis risk can be reduced. 

H2: Keeping livestock (Livestock) has a statistically significant negative effect on farmers’ gradually 

PU. 

According to the model, keeping livestock has a negative influence on the PU (OR=0.714; p=0.357). 

Nevertheless, given no statistical significance, H2 is not supported. Livestock farming is discussed as 

self-insurance because it diversifies farm income, protects against crop loss due to extreme weather, and 

reduces crop insurance demand (e.g. Finger and Lehmann, 2012; Kazianga and Udry, 2006). Hence, 

livestock farming was assumed to have a negative effect. However, previous findings could not be 

confirmed. Unlike weather station data, satellite data can also focus on grass and its health (Vrieling et 

al., 2014; Vroege et al., 2019). This may also make them more attractive to livestock producers and 

explain this finding. 
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H3: Higher soil quality (SoilQuality) has a statistically significant negative effect on farmers’ 

gradually PU. 

The soil quality has no statistically significant effect on the PU and, contrary to expectations, the OR 

is higher than 1 (OR=1.002; p=0.847). Thus, no support can be given to H3. A negative effect of 

increasing soil quality was expected as soils of higher quality are less prone to droughts because of their 

higher water-holding capacity, which is directly linked to crop yields (Lüttger and Feike, 2018; Usowicz 

and Lipiec, 2017). Yet, systematic droughts and heatwaves occur more often in Europe by affecting 

larger areas and longer periods, causing yield losses also on better soils (Grillakis, 2019). Indeed, the 

relative increase in frequency of adverse weather events is found to be higher on better soils (Trnka et 

al., 2014). Moreover, Germany was affected by a catastrophic drought in 2018, which led to high yields 

losses nationwide. Therefore, satellite-based insurance could be of interest for many farmers regardless 

of their soil conditions. 

H4: Higher age (Age) has a statistically significant negative effect on farmers’ gradually PU. 

A higher age has a negative effect on the PU (OR=0.998; p=0.869). However, given the lack of 

statistical significance, H4 is not supported. Regarding the effect of age in the context of insurance 

demand, mixed results exist. While age was identified to influence the willingness to pay for crop 

insurance in general and index insurance in particular (Doherty et al., 2021; Liesivaara and Myyrä, 

2014), Ghosh et al. (2021) could not confirm this. Nevertheless, we expected a statistically significant 

effect of age on the PU, as younger farmers are more likely to adopt new technologies (D’Antoni et al., 

2012; Tamirat et al., 2018). However, the statistical significance could not be confirmed by our results.  

H5: Higher education (Education) has a statistically significant positive effect on farmers’ gradually 

PU. 

Farmers’ education has a statistically significant positive effect on the PU (OR=1.652; p=0.026). 

Accordingly, our model supports H5. Therefore, the higher the educational level, the more likely they 

are on a higher stage of PU. Beside this, the marginal effects in Table IV indicate that the educational 

level has a statistically significant effect on whether a farmer perceives satellite-based insurance as 

useful or very useful. Our results are in line with relevant studies on insurance demand and technology 

adoption (e.g. Cole et al., 2017; Enjolras and Sentis, 2011; Larson et al., 2008). Higher educated farmers 

might understand that of basis risk can be addressed by the application of e.g. satellite-retrieved soil 

moisture. However, a higher level of intellect may be necessary to understand the benefit, as Conradt et 

al. (2015) state for the application of phenological data. This should be considered by insurers. 

H6: Being a male farmer (Gender) has a statistically significant positive effect on farmers’ gradually 

PU. 

The model does not support H6 since the effect of gender on the PU is negative and has no statistically 

significance (OR=0.498; p=0.257). We expected a positive influence of being a male farmer as Akter et 
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al. (2016) suggested that men are more familiar with the concept of index insurance. Notwithstanding, 

Hoag et al. (2011) mentioned that in general no gender difference in the adoption of risk management 

tools can be found. Further, this finding is in line with Gaurav and Chaudhary (2020) who could also 

not find a statistically significant effect of gender on the willingness to buy index insurance.  

H7: Being a full-time farmer (FullTime) has a statistically significant positive effect on farmers’ 

gradually PU.  

Full-time farming has a positive, however, not statistically significant effect (OR=1.028; p=0.956). 

Due to this, H7 can be given no support. Part-time farmers are assumed to have a higher tolerance to 

take agricultural risks given their fixed off-farm income, which can lead to reduced incentives to adopt 

risk management tools like crop insurance. (El Benni et al., 2016; Mishra and Goodwin, 2003; Velandia 

et al., 2009). Nevertheless, a statistically significant effect on farmers’ PU was not found. One possible 

explanation might be that farms owned by part-time owners, which are smaller in terms of ha on average, 

could benefit more from the high spatial resolution of satellite data. If index insurance can thus be 

improved in terms of basis risk, this could increase their PU. Although part-time farmers have a certain 

share of fixed off-farm income, they are also affected by the increasing risk of drought and have an 

interest in avoiding financial distress. 

H8: Higher relative weather-related income losses (IncomeLoss) in the past few years have a 

statistically significant positive effect on farmers’ gradually PU.  

H8 is supported by the model. A higher income loss over the past five years has a statistically 

significant positive effect on the PU (OR=1.401; p=0.024). Further, the marginal effects indicate that 

farmers who perceive satellite-based insurance as very useful significantly differ regarding their relative 

income losses from farmers who think that they could be useful. Therefore, our results confirm existing 

literature (e.g. Di Falco et al., 2014). This is not surprising, given the catastrophic drought in 2018 that 

affected nearly the entire study region. Moreover, risk managers tend to be more interested into new risk 

management measures after a loss in order to avoid further damage (Weinstein, 1988). Given the more 

frequent and intense droughts causing yield losses (Schmitt et al., 2022), the PU could further increase 

for more farmers. 

H9: Higher attitude of confidence (Trust) in index insurance products has a statistically significant 

positive effect on farmers’ gradually PU.  

A higher level of trust in index insurance products has a statistically significant positive effect on the 

PU (OR=1.749; p=0.029). Hence, H9 can be given support.  Marginal effects show that farmers who 

perceive satellite-based index insurance as potentially useful differ significantly in their attitude of trust 

compared to farmers who think that they can be very useful. Our results confirm previous studies like 

Cole et al. (2017) who found that low understanding and trust is an inhibiting factor for willingness to 

buy index insurance. Since satellite-based indices may require a high degree of trust in the product, 
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insurers can be advised to explain their potential customers about the functionality and reliability of 

satellite indices at an early stage. 

H10: Higher degree of risk aversion (RiskAttitude) has a statistically significant positive effect on 

farmers’ gradually PU. 

Since the general risk attitude was measured on a scale from 0 to 10 based on Dohmen et al. (2011), 

an OR below 1 indicates a positive effect of a higher risk aversion on the PU. According to the results, 

a higher risk aversion of farmers has a negative but not statistically significant effect on the PU 

(OR=1.053; p=0.512). Therefore, H10 is not supported. A positive effect was expected because risk-

averse farmers show a higher willingness to adjust their risk management by purchasing crop insurance 

or adopt new technologies (Marra et al., 2003; Möllmann et al., 2019; Vigani and Kathage, 2019). Yet, 

our study is in line with literature that could not identify an effect of general risk attitude on insurance 

demand (e.g. Giné et al., 2008). One possible explanation may be that our measurement of farmers’ risk 

attitude is too general. Given the huge increase in weather risks over the last decade, the measurement 

of risk attitude could focus more specific to contextualize farmers’ risk attitude.  

5. Conclusion 

The availability of index insurance has grown to deal with increasing weather risks. To address basis 

risk as a main inhibiting factor of farmers’ demand, the integration of satellite data is promising. As no 

literature deals with farmers’ perceptions for satellite-based index insurance, this study obtains 

preliminary insights on farmers’ PU for satellite-based index insurance by applying a modified TTMU 

for the first time. Thereby, influencing factors on different stages of PU are identified. To do so, an 

ordered logit model was estimated based on a survey dataset of 127 young, highly educated German 

farmers with larger farms.  

Our results indicate that a higher level of agricultural education has a statistically significant positive 

effect on the PU. Furthermore, a higher trust in index insurance products and higher relative losses of 

farm income over the past years show a statistically significant positive effect on the PU, providing first 

insights into potential early adopters. Therefore, index insurance in general and satellite-based products 

in particular should be more widely addressed in agricultural training programs to ensure understanding 

and increase trust in the concept. Moreover, given a higher frequency of droughts, more farmers will be 

adversely affected in the future, which can further increase their PU. Insurers can therefore be advised 

to accelerate research and development of satellite-based policies because a large proportion of farmers 

perceive them at least potentially useful. 

However, our study is limited with respect to the sample size. To corroborate the results, a larger sample 

with greater consideration given to smaller farms and less educated farmers is recommended. In 

addition, our identified statistically significant factors need to be complemented by other factors to better 

understand the PU as possible influencing factors like farm size, livestock farming, soil quality, age, 
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gender, full-time farming and risk attitude show no statistically significant effect on the PU. For 

example, the effect of latent factors such as social influence or communication on insurance demand has 

not received sufficient research attention so far (Brown et al., 2016; Jaspersen and Aseervatham, 2017). 

Moreover, since we asked the farmers for satellite-based index insurance in general, the PU for a specific 

type of satellite data could be addressed by ongoing research. 

While this study focused on a developed country, our results can be applied to a certain extent to 

developing countries, which also suffer from climate change. Given that many of these countries do not 

have a comparable network of weather stations, satellite-based index insurance could reduce basis risk 

considerably, which could increase the PU. Furthermore, farmers’ education and the level of trust in, 

for instance, insurance agents, are also discussed as inhibiting factors in the developing context. 

Although not all drivers of PU would be the same, similar tendencies could provide guidance to insurers 

in identifying pioneers to implement satellite-based insurance. Therefore, further research is needed to 

confirm our findings in other countries.
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Appendix A Relevant questions of the questionnaire (translated from German into English) 

Example of satellite-based index insurance: 

The satellite-based index insurance is based on satellite-retrieved soil moisture data. For this purpose, 

satellites use radar radiation to measure the soil moisture at a soil depth of 5-10 cm on your land every 

day, irrespective of cloud cover, with a spatial resolution of up to 1x1 km. The index is derived from the 

relative volumetric soil moisture (m3 of water/m3 of soil). If the soil moisture index on your fields is 

below a defined damage threshold on average during the insurance period, you would receive a payout. 

[….]. The damage threshold, which leads to e.g. 20% yield loss, is calculated on the basis of the 

historical observations of the index and yields. [….]. The following graph shows how the index and the 

winter wheat yield have developed over the last 5 years at a location near [will be filled after 

acceptance].” 
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