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Abstract

Direct payments represent a large share of Swiss farmers’ total household income but com-

pliance with related requirements often entails a high administrative burden. This causes

individuals to experience policy implementation as onerous. Based on a framework for

administrative burden in citizen-state interactions, we test whether farmers’ individual knowl-

edge, psychological costs and compliance costs help to explain their perception of adminis-

trative burden related to direct payments. We refine this framework by testing different

specifications of interrelations between psychological costs and perceived administrative

burden based on findings from policy feedback theory and education research. Structural

Equation Modeling (SEM) is applied to data collected from a representative sample of 808

Swiss farmers by postal questionnaire in 2019. We find that compliance costs and psycho-

logical costs contribute significantly to the perceived administrative burden. In contrast,

farmers’ knowledge level contributes to this perception not directly but indirectly, with higher

knowledge reducing psychological costs. Our results support policy feedback theory, in that

a high level of administrative burden increases psychological costs. Furthermore, well-edu-

cated and well-informed farmers show a more positive attitude toward agricultural policy

and thus perceive administrative tasks as less onerous. Policy-makers should invest in the

reduction of administrative requirements to reduce compliance costs.

1. Introduction

For Swiss farmers, area-based or animal-based direct payments granted by the government for

the delivery of public goods such as biodiversity and fresh air, represent an important income

contribution. The average annual farm income of a Swiss farmer amounts to CHF 67,190,

whereby CHF 73’746 come from direct payments [1]. To reduce the negative environmental

impacts of agricultural production, direct payments are linked to environmental cross-compli-

ance standards [2]. In addition, in the last 20 years, a number of voluntary agri-environmental

programs have been introduced in order to preserve biodiversity on farmland, landscape qual-

ity, or to promote animal-friendly housing systems. Farmers participating in agri-environmen-

tal programs have to meet program-specific requirements.

PLOS ONE

PLOS ONE | https://doi.org/10.1371/journal.pone.0241075 October 30, 2020 1 / 16

a1111111111

a1111111111

a1111111111

a1111111111

a1111111111

OPEN ACCESS

Citation: Ritzel C, Mack G, Portmann M,

Heitkämper K, El Benni N (2020) Empirical

evidence on factors influencing farmers’

administrative burden: A structural equation

modeling approach. PLoS ONE 15(10): e0241075.

https://doi.org/10.1371/journal.pone.0241075

Editor: Asim Zia, University of Vermont, UNITED

STATES

Received: June 12, 2020

Accepted: October 7, 2020

Published: October 30, 2020

Peer Review History: PLOS recognizes the

benefits of transparency in the peer review

process; therefore, we enable the publication of

all of the content of peer review and author

responses alongside final, published articles. The

editorial history of this article is available here:

https://doi.org/10.1371/journal.pone.0241075

Copyright: © 2020 Ritzel et al. This is an open

access article distributed under the terms of the

Creative Commons Attribution License, which

permits unrestricted use, distribution, and

reproduction in any medium, provided the original

author and source are credited.

Data Availability Statement: All relevant data are

within the manuscript and its Supporting

Information files.

https://orcid.org/0000-0002-9020-6648
https://orcid.org/0000-0002-5428-4366
https://doi.org/10.1371/journal.pone.0241075
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0241075&domain=pdf&date_stamp=2020-10-30
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0241075&domain=pdf&date_stamp=2020-10-30
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0241075&domain=pdf&date_stamp=2020-10-30
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0241075&domain=pdf&date_stamp=2020-10-30
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0241075&domain=pdf&date_stamp=2020-10-30
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0241075&domain=pdf&date_stamp=2020-10-30
https://doi.org/10.1371/journal.pone.0241075
https://doi.org/10.1371/journal.pone.0241075
http://creativecommons.org/licenses/by/4.0/


Cross-compliance standards and participation in voluntary agri-environmental schemes

require a variety of proofs such as crop rotation plans, nutritional balances or records on graz-

ing and free ranging periods in order to qualify for direct payments. Many farmers perceive

their administrative workload associated with the application of direct payments as more oner-

ous than their physical workload on the farm [3]. Indeed, various studies have shown that

farmers perceive their administrative workload as a burden [4–6]. For instance, [4] found that

mounting paperwork, higher workloads, and changes in agricultural regulations have measur-

ably increased the stress levels of farmers in England and Wales. For Swiss farmers, [7] showed

that high levels of administrative burden are more likely to lead to personal frustration and

ultimately to burnout in the farming sector.

Research in the field of agricultural economics and policy has shown that administrative

burden negatively affects farmers’ health [7], reduces the effectiveness of agri-environmental

programs [8–10], and negatively affects farmers’ perception of government [6]. However, very

little is known about why farmers perceive such a high administrative burden.

In recent years, researchers in the field of public administration have developed a frame-

work that conceptualizes the administrative burden of citizen-state interactions [11, 12]. The

framework considers three factors influencing citizens’ perceived administrative burden: 1.

learning costs, 2. psychological costs, and 3. compliance costs. Our study adopts this frame-

work and aims to analyze empirically (a) how these factors influence farmers’ perceived

administrative burden, and (b) how the factors influence each other. Based on findings from

policy feedback theory and education research, we analyze different possible interrelations

between psychological costs and perceived administrative burden. Based on our results, we

provide recommendations for government as to how the perceived administrative workload of

farmers could be reduced. This knowledge is essential for political initiatives focused on sim-

plifying farmers’ administrative workload.

The added value of our study is twofold: First, to the best of our knowledge, the framework

of administrative burden on citizen-state interactions has not been used previously in the con-

text of agricultural policies, namely the administrative burden related to direct payments for

farmers. Our study therefore aims to close scientific and political knowledge gaps by combin-

ing this theory with empirical evidence from the farming sector. Second, we refine the frame-

work by testing different specifications of interrelations between psychological costs and the

perceived administrative burden based on findings from policy feedback theory and education

research. The results inform agricultural policy-makers as to how the perceived administrative

burden related to direct payments can be reduced.

2. The framework of administrative burden

[13] define ‘administrative burden’ as “an individual’s experience of policy implementation as

onerous”. This definition draws a clear distinction from burdens considered as administrative

obstacles, such as formal rules. In addition, it points to the “costs that individuals experience in

their interaction with the state” [13; pp. 45]. Thus, [11] identify three different categories of

costs that might influence the administrative burden (Table 1). This conceptualization is

Table 1. Factors influencing administrative burden [11].

Type of Cost Examples

Learning costs Individuals must learn about the program, whether they are eligible, the nature of the benefits,

and how to access the program.

Psychological

costs

Individuals face loss of autonomy or power, or an increase in stress.

Compliance costs Individuals must complete forms and provide documentation.

https://doi.org/10.1371/journal.pone.0241075.t001
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distinctive in that it considers not only rational but also cognitive and psychological aspects of

administrative burden. The proposed concept includes findings from behavioral economics

showing that individuals often do not make decisions by simply weighing costs against

expected benefits, due to cognitive biases that generate a “disproportionate response to bur-

den” [13; pp. 46]. The concept also includes findings from social psychology showing that indi-

viduals have a basic need for autonomy over their self and actions. For this reason, individuals

often perceive their administrative workload as a loss of autonomy, which affects their percep-

tion of the administrative burden.

[11] subsume various costs arising from searches for information on public services under

“learning costs”. This category explains why factors such as low education, language barriers,

and limited knowledge of other public programs often have a negative effect on the uptake of

public policy programs. The authors suggest that learning costs be documented based on the

public’s lack of knowledge about the programs [11]. Psychological costs refer to a sense of loss

of power or autonomy in interactions with the state, or the stresses of dealing with administra-

tive processes. Compliance costs represent burdens of following administrative rules and

requirements, such as costs of completing forms or documenting status. Consequently, com-

pliance costs have to be considered as costs arising from complying with federal regulations.

3. Conceptual models and hypotheses

In this study, the framework developed by [11] is applied to the farming sector in Switzerland.

This consists of relatively small family farms, where the farming family itself generally carries

out the administrative work. We develop three conceptual models describing (i) potential rela-

tionships between the three factors and the farmers’ perceived administrative burden, and (ii)

potential relationships between the factors themselves. For this purpose, first, we present the

basic conceptual model and derive empirically testable hypotheses (Model 1). Second, we pres-

ent variants of the basic conceptual model by integrating findings from policy feedback theory

and education research, and derive two further hypotheses (Model 2 and Model 3).

3.1. Hypotheses for the basic conceptual model (Model 1)

3.1.1 Knowledge level. We subsume factors such as farmers’ education level and informa-

tion level with regard to the cross-compliance and direct-payment system under the category

“knowledge level”. This category reflects “learning costs” as proposed by [11]. With regard to

the relationship between ‘knowledge level’ and ‘administrative burden’, we formulate Hypoth-

esis 1:

• A high knowledge level decreases the perceived administrative burden (H1).

This hypothesis is based on findings from medical research showing that specifically tar-

geted education programs and training can reduce the burden on patients’ caregivers [14, 15].

Therefore, it is highly likely that well-educated and well-informed farmers will perceive admin-

istrative tasks as less onerous.

3.1.2 Compliance costs. Especially for small businesses such as Swiss family farms that do

not have a person particularly responsible for administrative and legal issues, compliance costs

in the form of resources expended on meeting tax obligations are considered as very onerous

[16]. Transposed to our context, it is highly likely that high compliance costs increase farmers’

perceived administrative burden. Consequently, we test Hypothesis 2:

• High compliance costs increase the perceived administrative burden (H2).
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3.1.3 Psychological costs

Based on farmers’ responses to a questionnaire, [3] found that the direct-payment policy with

its cross-compliance restrictions narrows farmers’ entrepreneurial freedom. More precisely,

farmers perceive a loss of autonomy because of the direct-payment policy, which in turn

might negatively affect their perceived administrative burden. High psychological costs may

aggravate stress associated with administrative tasks. Against this background, we test Hypoth-

esis 3:

• High psychological costs increase the perceived administrative burden (H3).

Furthermore, we empirically test the relationships among the three factors influencing

administrative burden. Regarding the relationship between knowledge level and compliance

costs, studies in entrepreneurship research indicate that education has a strong positive effect

on self-employment success [17, 18]. Experimental evidence suggests that a high information

level results in more original and more appropriate solutions to problems [19]. Therefore, it is

highly likely that well-educated and well-informed farmers are better able to manage their

business, including efficient and effective handling of administrative tasks, which reduces

compliance costs, so that we formulate Hypothesis 4:

• A high knowledge level decreases compliance costs (H4).

Moreover, we expect knowledge level to have a positive effect on psychological costs.

Results from entrepreneurial research show that specific entrepreneurship education and

information level play an important role in positively influencing the attitude toward starting a

business [20]. In our context, well-educated and well-informed farmers may exhibit lower psy-

chological costs. This relationship is reflected by Hypothesis 5:

• A high knowledge level decreases psychological costs (H5).

Finally, it might be assumed that compliance costs influence psychological costs. Empirical

evidence in the field of political psychology reveals that compliance costs negatively influence

the attitude toward a particular policy, so that “even the good Europeans become unenthusias-

tic about compliance when costs rise” [21]. This implies that high compliance costs increase

psychological costs. In other words, the more time a farmer spends on completing and compil-

ing evidence needed to qualify for direct payments, the more likely it is that he or she will

exhibit a negative attitude toward the cross-compliance and direct-payment policy. Therefore,

we test Hypothesis 6:

• High compliance costs increase psychological costs (H6).

3.2. Variants of the basic conceptual model (Model 2 and 3)

A literature review on potential interactions between the factors and administrative burden

suggests further relationships between psychological costs and the perceived administrative

burden than the one described in Model 1. We capture these findings by conceptualizing two

variants of the basic conceptual model (Model 2 and 3).

Model 2 reflects the findings of policy feedback theory [13, 22, 23] and postulates that

administrative burden influences the individual attitude toward a policy. In this context, a

study by M reveals that a high level of administrative burden increases the probability that

farmers will exhibit a negative attitude toward the cross-compliance and direct-payment pol-

icy. According to policy feedback theory and empirical evidence by [6], we test Hypothesis 3a:

• A high level of administrative burden increases psychological costs (H3a).
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Model 3 combines H3 and H3a. We assume that psychological costs and administrative

burden positively influence each other. In other words, formulated as Hypothesis 3b:

• Psychological costs and administrative burden are positively correlated (H3b).

Hypothesis H3b is supported by findings from education research indicating that experi-

ences with and positive attitudes toward computers are positively correlated [24, 25].

Fig 1 shows the three different conceptual models for (a) the basic Model 1, (b) Model 2,

and (c) Model 3.

The three conceptual models displayed in Fig 1 illustrate the direct effects between two vari-

ables, which will be tested based on the hypotheses outlined above. Additionally, we test for

indirect and total effects. For Model 1, the following three indirect effects exist: First, the indi-

rect effect of ‘knowledge level’ on ‘administrative burden’ with ‘compliance costs’ as mediator

variable. Second, the indirect effect of ‘knowledge level’ on ‘administrative burden’ with ‘psy-

chological costs’ as mediator variable. Third, the indirect effect of ‘compliance costs’ on

‘administrative burden’, likewise with ‘psychological costs’ as mediator variable. In Model 2,

the second and third indirect effect of Model 1 cannot be tested, because ‘administrative

Fig 1. The three conceptual models.

https://doi.org/10.1371/journal.pone.0241075.g001
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burden’ serves as a predictor of ‘psychological costs’. For this reason, however, the indirect

effect of ‘compliance costs’ on ‘psychological costs’ with ‘administrative burden’ as mediator

variable can be identified. For Model 3, we introduced a correlation between ‘administrative

burden’ and ‘psychological costs’. Thus, only the indirect effect of ‘knowledge level’ on ‘admin-

istrative burden’ with ‘compliance costs’ as mediator variable can be estimated. The total

effects are calculated as the sum of direct effects plus indirect effects [26].

4. Materials and methods

Data from a written questionnaire are used to test the three conceptual models by structural

equation modeling. The administrative burden and its three influencing factors are modeled

as latent constructs, which are measured based on observed variables.

4.1. Database

A written survey of 2,000 randomly selected Swiss farmers was conducted from February to

April 2019. Farmers’ contact information was provided by the Swiss Federal Office for Agricul-

ture, which maintains a database of all farm households that receive direct payments, compris-

ing about 98% of Swiss farms. Farmers received a written questionnaire via postal mail. The

response rate was approximately 40% (N = 808). The database is similar, in terms of region,

farm type, farm size, age, and education, to the total farming population [3]. The survey con-

tains questions on farmers’ experiences with administrative requirements, farmers’ individual

characteristics and beliefs, and questions on their attitude toward the direct-payment and

cross-compliance policy [3]. Table 2 presents a description and summary statistics of variables

used for the empirical analysis.

4.1.1 Measuring ‘administrative burden’. ‘Administrative burden’ is measured based on

the farmers’ perceived administrative burden today and compared to five years ago. We there-

fore asked farmers to rate two questions, each on a seven-point Likert scale (Table 2).

4.1.2 Measuring ‘compliance costs’. ‘Compliance costs’ are measured based on three

items: (1) farmers’ self-assessments with regard to whether or not the introduction of e-gov-

ernment has increased compliance costs; (2) time spent on completing forms; (3) time

required for direct-payment inspections. We therefore asked farmers to rate one question on

the introduction of e-government on a seven-point Likert scale. Additionally, we asked farm-

ers to rate one question on time spent providing documents on a four-point ordinal scale, and

one question on time spent on direct-payment inspections on a six-point ordinal scale

(Table 2).

4.1.3 Measuring ‘psychological costs’. ‘Psychological costs’ are measured based on four

statements related to attitude toward, identification with, and loss of freedom caused by the

cross-compliance and direct-payment policy. Accordingly, we asked farmers to rate four state-

ments, each on a seven-point Likert scale (Table 2).

4.1.4 Measuring ‘knowledge level’. Farmers’ ‘knowledge level’ is measured based on their

education level and knowledge level regarding the cross-compliance and direct-payment pol-

icy. We therefore asked farmers one question to rate their education level on a six-point ordi-

nal scale. Additionally, we asked farmers to rate three statements regarding their knowledge

level about agricultural policy, each on a seven-point Likert scale (Table 2).

4.2. Structural equation modeling (SEM)

To model the psychological constructs and test the processes of the three proposed conceptual

models presented in Fig 1, SEM is perfectly suited [27, 28]. Many psychological constructs

such as individual administrative burden in citizen-state interactions and its factors are
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unobserved or latent [29]. By applying SEM, latent variables can be measured based on vari-

ance and covariance of observed variables, and can be further brought into relation with each

other [30]. Consequently, SEM elegantly bridges the gap between theory and empirics [31].

Testing complex hypotheses makes SEM attractive for a wide range of academic fields. These

include psychological research in a narrow sense [32], disciplines with a focus on human psy-

chology, such as marketing and consumer research [33, 34], and disciplines with an organiza-

tional perspective such as management research [35, 36]. Moreover, SEM is widely applied in

natural sciences such as ecological and evolutionary biology [37]. In this context, [38] highlight

that SEM provides a powerful framework for promoting interdisciplinary research and holistic

and integrative thinking.

Table 2. Description and summary statistics of data used for the empirical analysis.

Variable Description Scale Mean Std.

dev.

Obs.

Administrative

burden η1

Administrative

burden y1

How burdensome do you rate the current workload for

administrative tasks?

From 1 = “not burdensome at all” to 7 = “very

burdensome”

4.9 1.6 800

Administrative

burden y2

How burdensome do you rate the current workload for

administrative tasks compared to five years ago?

From 1 = “much less burdensome” to 7 = “much more

burdensome”

5.2 1.3 778

Compliance costs η2

Compliance costs y3 How much has the administrative workload changed due to

the switch to electronic forms?

From 1 = “much less” to 7 = “much more” 4.2 1.5 786

Compliance costs y4 How much time do you usually need to provide all

documents for the direct-payment inspections?

From 1 = “less than 2 hours per inspection” to 4 = “more

than 6 hours per inspection”

2.0 0.9 794

Compliance costs y5 How much time do you spend on your farm when the

direct-payment inspection takes place?

From 1 = “less than 30 minutes” to 6 “more than 2.5

hours”

4.1 1.2 795

Psychological costs

η3

Psychological costs

y6

I do not identify with the federal direct-payment system. From 1 = “not correct at all” to 7 = “fully correct” 4.4 1.6 792

Psychological costs

y7

I believe that the current monitoring and inspection

measures of the direct-payment system are not important.

From 1 = “not correct at all” to 7 = “fully correct” 3.8 1.6 793

Psychological costs

y8

I consider the current obligations to provide proof of

eligibility for direct payments as not appropriate.

From 1 = “not correct at all” to 7 = “fully correct” 4.3 1.7 652

Psychological costs

y9

I feel restricted in my entrepreneurial freedom by the

current direct-payment monitoring and inspection system.

From 1 = “not correct at all” to 7 = “fully correct” 4.5 1.9 797

Knowledge level ξ1

Level of education x1 • No vocational education and training From 1 = “No vocational education and training” to 6 =

“Bachelor, Master or higher degree of the farm manager”

3.6 1.2 784

• Vocational education and training (VET): federal VET

certificate

• Vocational education and training (VET): federal VET

diploma

• Federal diploma of professional education and training

(PET)

• Advanced federal diploma of professional education and

training

• Bachelor, Master or higher degree of the farm manager

Level of information

x2

I am well-informed on current direct-payment control

measures.

From 1 = “not correct at all” to 7 = “fully correct” 4.6 1.4 797

Level of information

x3

I am well-informed on current obligations recording farm

data.

From 1 = “not correct at all” to 7 = “fully correct” 4.8 1.3 797

Level of information

x4

I am well-informed on the current agricultural policy. From 1 = “not correct at all” to 7 = “fully correct” 4.6 1.3 789

https://doi.org/10.1371/journal.pone.0241075.t002
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In principle, SEM relies on the following two model factors [39]: First, a measurement

model that measures the latent variables based on variance and covariance of observed vari-

ables. Second, a causal structural model that estimates linear relationships between different

latent variables based on regression. According to [40], in SEM, the term ‘causal modeling’ is

somewhat misleading. Rather, ‘causal modeling’ captures the intent of the research methodol-

ogy, which is to hypothesize and specify the interrelatedness of latent variables. Thus, SEM is a

confirmatory method aimed at testing proposed theories.

In this context, a distinction is made between endogenous and exogenous latent variables.

Endogenous latent variables are considered as dependent variables, which are explained by at

least one other (endogenous or exogenous) latent variable. In contrast, exogenous latent vari-

ables are strictly considered as explanatory variables [41]. In our case, ‘administrative burden’,

‘compliance costs’, and ‘psychological costs’ represent endogenous latent variables, while

‘knowledge level’ represents an exogenous latent variable.

Structural equation models are usually illustrated as path-diagrams (a presentation of the

three applied path diagrams can be found in S1 Fig; note that, for simplification, error terms

are not depicted). Latent endogenous and exogenous variables are depicted in circles and

observed variables in boxes. Single-headed arrows indicate (i) the estimated impacts of coeffi-

cients obtained from the measurement model, and (ii) the estimated impacts of coefficients

from the causal structural model. In the case of the measurement model, estimated parameters

are considered as loadings. Two-headed curved arrows show estimated covariance, commonly

interpreted as correlation [42].

According to [43], the equations of the measurement models for the endogenous and the

exogenous latent variables can be formalized by Eqs (1) and (2), respectively:

y ¼ Lyηþ ε ð1Þ

x ¼ Lxξþ δ ð2Þ

Where y is a vector of p×1 observed variables and x is a vector of q×1 observed variables.

Λy is the p×m matrix of coefficients (or loadings) λy of y on η and Λx is the q×m matrix of

coefficients (or loadings) λx of x on ξ. η is a m×1 random vector of endogenous latent variables

and ξ is a n×1 random vector of exogenous latent variables. δ and ε are q×1 and p×1 vectors

of measurement errors in x and y, respectively. For a detailed description of latent and

observed variables, see Table 2.

The (causal) structural model that estimates the relationship between latent variables can be

formalized as follows:

η ¼ Bηþ Gξþ ζ ð3Þ

Where B is the m×m matrix of regression coefficients β related to endogenous latent vari-

ables and Γ is the m×n matrix related to the coefficients γ of the exogenous latent variables. z

depicts a m×m vector of error terms.

Eqs (1) to (3) represent the general framework of a structural equation model. We test the

hypothesis based on the three model variants. All of the variants capture relationships among

latent variables shown in Fig 1; however, hypotheses H3 (Model 1), H3a (Model 2) and H3b

(Model 3) are tested separately. Model variants are compared by using comparative model fit

criteria such as the Akaike Information Criterion (AIC), Bayesian Information Criterion

(BIC), and likelihood-ratio test. Models with lower values with regard to AIC, BIC, and likeli-

hood-ratio test perform better than models with higher values [44].
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By way of example, the specification for Model 1 in terms of Eqs (1) to (3) can be written as

follows:
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Where all variables are as previously defined. Eqs (4) and (5) refer to the measurement

models for the endogenous and exogenous latent variables, and Eq (6) refers to the (causal)

structural model. Our empirical structural equation model relies solely on ordinal-scaled

observed variables (Table 2). Therefore, to estimate the conceptual models, we use the gsem

(Generalized Structural Equation Modeling) command implemented in Stata 16 [45]. In Sta-

ta’s gsem, observed items are continuous, binary, ordinal, count, or multinomial. In contrast,

in sem, observed items are continuous. Models comprise linear regression, gamma regression,

logit, probit, ordinal logit, ordinal probit, Poisson, negative binomial, multinomial logit, and

more. gsem does not provide overall model fit criteria such as Comparative Fit Index (CFI),

root mean squared error of approximation (RMSEA), or standardized root mean squared

residuals (SRMR). If gsem is applied, it is unfeasible to report standardized coefficients. For a

detailed description of similarities and dissimilarities between sem and gsem, see [45]. Esti-

mated coefficients of Eqs (4) to (6) are based on Maximum-Likelihood. Standard errors of the

coefficients are computed based on the Observed Information Matrix [46]. As an optimization

technique for the Maximum-Likelihood estimations, we choose the Berndt–Hall–Hall–Haus-

man maximization algorithm [47]. To obtain indirect and total effects of the (causal) structural

model, we compute non-linear combinations of coefficients [48]. As a robustness check, we

estimated our three different conceptual models with sem. Corresponding results for the
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(causal) structural model can be found in S1 Table (direct effects) and S2 Table (indirect and

total effects). Results for the measurement models can be found in S3 Table.

5. Results and discussion

5.1. Direct effects

Table 3 presents the direct effects of the (causal) structural model. The results of the measure-

ment models can be found in S4 Table. The output of gsem reports unstandardized coeffi-

cients, which show (i) the direction of an effect (positive or negative), and (ii) the effect

strength. With regard to comparative model fit criteria AIC, BIC, and likelihood-ratio test, all

three conceptual models perform equally.

‘Knowledge level’ shows the expected negative effect on ‘administrative burden’. However,

for Model 1, the effect is not statistically significant. In contrast, for Model 2 and Model 3, the

negative effect is statistically significant. Therefore, H1 cannot be rejected.

For all model variants, we find the expected statistically significant positive effect of ‘com-

pliance costs’ on ‘administrative burden’. This implies that farmers who spend more time on

providing evidence and on direct-payment inspections taking place at their farm exhibit a

higher administrative burden. Consequently, high compliance costs cause administrative bur-

den and H2 cannot be rejected.

Table 3. Direct effects of the (causal) structural model (unstandardized coefficients).

Path Model 1 Model 2 Model 3

GSEM GSEM GSEM

Knowledge level! administrative burden (H1) -0.122 -0.887� -0.888�

(0.472) (0.517) (0.516)

Compliance costs! administrative burden (H2) 1.305��� 1.451��� 1.454���

(0.260) (0.265) (0.266)

Psychological costs! administrative burden (H3) 0.263���

(0.100)

Administrative burden! psychological costs (H3a) 0.172���

(0.064)

Administrative burden$ psychological costs (H3b) 0.691��

(0.280)

Knowledge level! compliance costs (H4) -0.046 -0.048 -0.046

(0.230) (0.230) (0.230)

Knowledge level! psychological costs (H5) -2.912��� -2.769��� -2.912���

(0.784) (0.737) (0.754)

Compliance costs! psychological costs (H6) 0.566��� 0.315�� 0.566���

(0.107) (0.139) (0.107)

Comparative model fit criteria

AIC 31,663 31,663 31,663

BIC 32,089 32,089 32,089

Likelihood-ratio test -15,740 -15,740 -15,740

� p � 0.1

�� p � 0.05

��� p � 0.01.

Standard errors based on Observed Information Matrix (OIM) in parentheses.

https://doi.org/10.1371/journal.pone.0241075.t003
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[11] hypothesize a positive effect of ‘psychological costs’ on ‘administrative burden’ (H3).

This implies that farmers with a negative attitude toward the cross-compliance and direct-pay-

ment policy perceive administrative tasks as more onerous. The positive effect of ‘psychologi-

cal costs’ on ‘administrative burden’ is statistically significant. Therefore, H3 cannot be

rejected. In contrast to [11], Policy Feedback Theory hypothesizes a positive effect of ‘adminis-

trative burden’ on ‘psychological costs’. Likewise, the underlying hypothesis H3a cannot be

rejected. We find a statistically significant positive effect of ‘administrative burden’ on ‘psycho-

logical costs’. Based on H3 and H3a, we formulated H3b. Statistically significant findings indi-

cate that ‘administrative burden’ and ‘psychological costs’ are positively correlated. In other

words, administrative burden and psychological costs reinforce each other. Consequently,

H3b cannot be rejected.

As expected, the effect of the exogenous latent variable ‘knowledge level’ on ‘compliance

costs’ is negative. However, for all model variants, the effect is not statistically significant.

Thus, H4 has to be rejected. In contrast, H5 cannot be rejected. As hypothesized, the effect of

‘knowledge level’ on ‘psychological costs’ is statistically significantly negative for all model var-

iants. This implies that farmers with a high knowledge level tend to have lower psychological

costs. In other words, farmers who are well-educated and well-informed tend to have a signifi-

cantly more positive attitude toward and a stronger identification with the cross-compliance

and direct-payment policy. Furthermore, policy-supporting farmers with a high knowledge

level do not feel restricted in their entrepreneurial freedom.

Finally, as expected, ‘compliance costs’ increase ‘psychological costs’. More specifically,

farmers who spend more time on administrative requirements tend to show a more negative

attitude toward the cross-compliance and direct-payment system. Likewise, the perception

that the switch to e-government has increased administrative workload causes high psycholog-

ical costs. For all model variants, the positive effect of ‘compliance costs’ on ‘psychological

costs’ is statistically significant. Therefore, H6 cannot be rejected.

5.2. Indirect and total effects

Table 4 reports indirect and total effects of the (causal) structural model. Results of total effects

are reported using the same pattern as for results of indirect effects.

For all model variants, ‘knowledge level’ negatively influences ‘administrative burden’

through the mediator variable ‘compliance costs’. However, in none of the model variants is

this effect statistically significant. Even though psychological costs increase farmers’ adminis-

trative burden, the indirect effect of ‘knowledge level’ on ‘administrative burden’ with ‘psycho-

logical costs’ as mediator variable is statistically significantly negative. This implies that, first, a

high knowledge level reduces psychological costs. Consequently, a positive attitude toward

and a strong identification with the cross-compliance and direct-payment policy leads to farm-

ers perceiving administrative tasks as less onerous. The indirect effect of ‘compliance costs’ on

‘administrative burden’ with ‘psychological costs’ as mediator variable is statistically signifi-

cantly positive. Findings suggest that, first, high compliance costs cause psychological costs to

increase; ultimately, high psychological costs lead in turn to administrative burden. The indi-

rect effect of ‘compliance costs’ on ‘psychological costs’ with ‘administrative burden’ as media-

tor variable is statistically significantly positive (Model 2). This indicates that, first, high

compliance costs cause administrative burden. Ultimately, this leads to a negative attitude

toward and a lack of identification with the cross-compliance and direct-payment policy.

The total effect of ‘knowledge level’ on ‘administrative burden’ (with ‘compliance costs’ as

mediator variable) represents a significant negative effect for Model 2 and Model 3. Therefore,

farmers with a high knowledge level indicate lower levels of administrative burden. For Model
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1, the total effect of ‘knowledge level’ on ‘administrative burden’ (with ‘psychological costs’ as

mediator variable) is likewise significantly negative. Here too, farmers with a high knowledge

level perceive administrative tasks as less onerous. Likewise, for Model 1, the total effect of

‘compliance costs’ on ‘administrative burden’ is statistically significantly positive. Compliance

costs in the form of time spent gathering direct-payment evidence and the perceived increase

in administrative workload due to the switch to e-government intensify administrative burden.

In the case of Model 2, the total effect of ‘compliance costs’ on ‘psychological costs’ is statisti-

cally significantly positive. Consequently, high compliance costs cause psychological costs to

increase.

6. Conclusions and policy recommendations

The administrative burden in citizen-state interactions can be tackled in the realm of agricul-

tural policy! By applying SEM, we are able to refine and test the theoretical framework devel-

oped by [11] in the context of the Swiss cross-compliance and direct-payment policy. We

model farmers’ administrative burden and factors affecting it as latent constructs based on

observed variables. In general, we find that knowledge level, compliance and psychological fac-

tors explain farmers’ administrative burden. The results of all three models confirm that not

only rational factors such as compliance costs but also psychological factors influence farmers’

perceived administrative burden. Additionally, we find a mutual positive relationship between

psychological factors and perceived administrative burden, which highlights the importance of

political attitude for farmers’ perceived administrative burden. This result also suggests that

Table 4. Indirect and total effects of the (causal) structural model (unstandardized coefficients).

Indirect effects Model 1 Model 2 Model 3

GSEM GSEM GSEM

Knowledge level! administrative burden -0.060 -0.069 -0.067

Mediator variable: compliance costs (0.300) (0.335) (0.334)

Knowledge level! administrative burden -0.766��

Mediator variable: psychological costs (0.355)

Compliance costs! administrative burden 0.149���

Mediator variable: psychological costs (0.052)

Compliance costs! psychological costs 0.249���

Mediator variable: administrative burden (0.087)

Total effects Model 1 Model 2 Model 3

GSEM GSEM GSEM

Knowledge level! administrative burden -0.183 -0.956� -0.955�

Mediator variable: compliance costs (0.475) (0.508) (0.507)

Knowledge level! administrative burden -0.888� (0.516)

Mediator variable: psychological costs

Compliance costs! administrative burden 1.455���

Mediator variable: psychological costs (0.266)

Compliance costs! psychological costs 0.564���

Mediator variable: administrative burden (0.107)

� p � 0.1

�� p � 0.05

��� p � 0.01.

Standard errors based on delta method in parentheses.

https://doi.org/10.1371/journal.pone.0241075.t004
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policy feedback theory is a valuable extension of the framework of administrative burden.

Interestingly, farmers’ knowledge level tends to affect the perceived administrative burden not

directly but indirectly, as a high knowledge level reduces psychological costs

Direct payments represent a large share of Swiss farmers’ total household income. Further-

more, voluntary agri-environmental direct-payment schemes in particular require compliance

with additional standards, and administrative burden may hinder widespread adoption.

Therefore, to increase acceptance of the cross-compliance and direct-payment policy, reducing

farmers’ administrative burden is of crucial importance for agricultural policy-makers. The

present study stresses the importance of education and information in reducing psychological

costs. Well-educated and well-informed farmers exhibit lower psychological costs and perceive

administrative tasks as less onerous. In other words, the level of information on the cross-com-

pliance and direct-payment policy is the primary factor that positively influences farmers’ atti-

tudes toward the policy. Since we find a strong positive effect of compliance costs on

administrative burden, policy should focus on a successive reduction of administrative

requirements. In this context, younger farmers in particular should be better able to cope with

new information technologies supporting the efficient handling of administrative require-

ments, while older farmers should be systematically trained and supported. Thus, political ini-

tiatives to reduce farmers’ administrative burden should focus on the one hand on measures

that decrease compliance costs. Examples might include reducing the number of application

documents to be completed for direct payments, or investing in e-government services. On

the other hand, political initiatives focusing on a positive attitude toward agricultural policy

could also help to decrease farmers’ perceived administrative burden. Consequently, to tackle

farmers’ administrative burden effectively, policy measures and agricultural extension services

should aim to increase investments in education and training, especially targeting the handling

of administrative requirements.
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5. Kallioniemi MK, Simola A, Kaseva J, Kymäläinen HR. Stress and burnout among Finnish dairy farmers.

Journal of Agromedicine. 2016; 21(3): 259–268. https://doi.org/10.1080/1059924X.2016.1178611

PMID: 27081893

6. Mack G, Ritzel C, Heitkämper K, El Benni N. The effect of administrative burden on farmers’ perceptions

of cross-compliance based direct payment policy. Forthcoming. 2020.

7. Reissig L, Crameri A, von Wyl A. Prevalence and predictors of burnout in Swiss farmers–Burnout in the

context of interrelation of work and household. Mental Health & Prevention. 2019; 14, 200157.

8. Mettepenningen E, Verspecht A, Van Huylenbroeck G. Measuring private transaction costs of Euro-

pean agri-environmental schemes. Journal of Environmental Planning and Management. 2009; 52(5):

649–667.

9. Coggan A, Grieken M, Boullier A, Jardi X. Private transaction costs of participation in water quality

improvement programs for Australia’s Great Barrier Reef: Extent, causes and policy implications. Aus-

tralian Journal of Agricultural and Resource Economics. 2015; 59(4): 499–517.

10. McCann L, Claassen R. Farmer transaction costs of participating in federal conservation programs:

Magnitudes and determinants. Land Economics. 2016; 92(2): 256–272.

11. Moynihan D, Herd P, Harvey H. Administrative Burden: Learning, Psychological, and Compliance

Costs in Citizen-State Interactions. Journal of Public Administration Research and Theory. 2014; 25(1):

43–69.

12. Herd P, Moynihan DP. Administrative burden: Policymaking by other means. Russell Sage Foundation;

2019.

13. Burden BC, Canon DT, Mayer KR, Moynihan DP. The effect of administrative burden on bureaucratic

perception of policies: Evidence from election administration. Public Administration Review. 2012; 72

(5): 741–751.

14. O’Donnell LN, O’Donnell CR. Hospital workers and AIDS: Effect of in-service education on knowledge

and perceived risks and stresses. New York State Journal of Medicine. 1987; 87(5): 278–280. PMID:

3473332

15. Greene VL, Monahan DJ. The Effect of a Support and Education Program on Stress and Burden

Among Family Caregivers to Frail Elderly Persons. The Gerontologist. 1989; 29(4): 472–477. https://

doi.org/10.1093/geront/29.4.472 PMID: 2521105

PLOS ONE Empirical evidence on factors influencing farmers’ administrative burden

PLOS ONE | https://doi.org/10.1371/journal.pone.0241075 October 30, 2020 14 / 16

https://www.hse.gov.uk/research/rrpdf/rr362.pdf
https://doi.org/10.1080/1059924X.2016.1178611
http://www.ncbi.nlm.nih.gov/pubmed/27081893
http://www.ncbi.nlm.nih.gov/pubmed/3473332
https://doi.org/10.1093/geront/29.4.472
https://doi.org/10.1093/geront/29.4.472
http://www.ncbi.nlm.nih.gov/pubmed/2521105
https://doi.org/10.1371/journal.pone.0241075


16. Tran-Nam B, Evans C, Walpole M, Ritchie K. Tax Compliance Costs: Research Methodology and

Empirical Evidence from Australia. National Tax Journal. 2000; 53(2): 229–252.

17. Robinson PB, Sexton EA. The effect of education and experience on self-employment success. Journal

of Business Venturing. 1994; 9(2): 141–156.

18. Kangasharju A, Pekkala S. The Role of Education in Self-Employment Success in Finland. Growth and

Change: A Journal of Urban and Regional Policy. 2002; 33(2): 216–237.

19. Illies J, Reiter-Palmon R. The Effect of Type and Level of Personal Involvement on Information Search

and Problem Solving. Journal of Applied Social Psychology. 2004; 34(8): 1709–1729.

20. Akinbode MO, Chinonye LM, Maxwell AO, Adeniji CG. Assessing the Influence of Entrepreneurship

Education on Self Efficacy, Attitude and Entrepreneurial Intentions. Covenant Journal of Entrepreneur-

ship. 2018; 1(1): 47–59.

21. Burcu Bayram A. Good Europeans? How European identity and costs interact to explain politician atti-

tudes towards compliance with European Union law. Journal of European Public Policy. 2017; 24(1):

42–60.

22. Soss J. Lessons of Welfare: Policy Design, Political Learning, and Political Action. The American Politi-

cal Science Review. 1999; 93(2): 363–380.

23. Wichowsky A, Moynihan DP. Measuring how administration shapes citizenship: A policy feedback per-

spective on performance management. Public Administration Review. 2008; 68(5): 908–920.

24. Shashaani L. Gender Differences in Mathematics Experience and Attitude and Their Relation to Com-

puter Attitude. Educational Technology. 1995; 35(2): 32–38.

25. Kadijevich D. Gender Differences in Computer Attitude among Ninth-Grade Students. Journal of Edu-

cational Computing Research. 2000; 22(2): 145–154.

26. Coulacoglou C, Saklofske DH. Psychometrics and Psychological Assessment: Principles and Applica-

tions. Amsterdam: Elsevier; 2017.

27. Dimitrov DM, Raykov T. Validation of Cognitive Structures: A Structural Equation Modeling Approach.

Multivariate Behavioral Research. 2003; 38(1): 1–23. https://doi.org/10.1207/S15327906MBR3801_1

PMID: 26771122

28. Hayduk L, Cummings G, Boadu K, Pazderka-Robinson H, Boulianne S. Testing! testing! one, two,

three–Testing the theory in structural equation models! Personality and Individual Differences. 2007;

42(2): 841–850.

29. Bollen KA. Latent Variables in Psychology and the Social Sciences. Annual Review of Psychology.

2002; 53(1): 605–634.

30. Muthén B. Latent variable structural equation modeling with categorical data. Journal of Econometrics.

1983; 22(1–2): 43–65.

31. Tang J, Folmer H, Xue J. Estimation of awareness and perception of water scarcity among farmers in

the Guanzhong Plain, China, by means of a structural equation model. Journal of Environmental Man-

agement. 2013; 126: 55–62. https://doi.org/10.1016/j.jenvman.2013.03.051 PMID: 23666070

32. MacCallum RC, Austin JT. Applications of Structural Equation Modeling in Psychological Research.

Annual Review of Psychology. 2000; 51(1): 201–226. https://doi.org/10.1146/annurev.psych.51.1.201

PMID: 10751970

33. Baumgartner H, Homburg C. Applications of structural equation modeling in marketing and consumer

research: A review. International Journal of Research in Marketing. 1996; 13(2): 139–161.

34. Mackenzie SB. Opportunities for Improving Consumer Research through Latent Variable Structural

Equation Modeling. Journal of Consumer Research. 2001; 28(1): 159–166.

35. Shah R, Meyer Goldstein S. Use of structural equation modeling in operations management research:

Looking back and forward. Journal of Operations Management. 2006; 24(2): 148–169.

36. Hair JF, Sarstedt M, Pieper TM, Ringle CM. The Use of Partial Least Squares Structural Equation

Modeling in Strategic Management Research: A Review of Past Practices and Recommendations for

Future Applications. Long Range Planning. 2012; 45(5–6): 320–340.

37. Pugesek BH, Tomer A, Von Eye A. Structural Equation Modeling: Applications in ecological and evolu-

tionary biology. Cambridge University Press; 2003.

38. Smith RG, Davis AS, Jordan NR, Atwood LW, Daly AB, Grandy AS, et al. Structural Equation Modeling

Facilitates Transdisciplinary Research on Agriculture and Climate Change. Crop Science. 2014; 45(2):

475–483.

39. Skrondal A, Rabe-Hasketh S. Structural Equation Modeling: Categorical Variables. In: Everitt B.S. &

Howell D.C. (Eds.). Encyclopedia of Statistics in Behavioral Science. Chichester: John Wiley & Sons

Ltd; 2005.

PLOS ONE Empirical evidence on factors influencing farmers’ administrative burden

PLOS ONE | https://doi.org/10.1371/journal.pone.0241075 October 30, 2020 15 / 16

https://doi.org/10.1207/S15327906MBR3801%5F1
http://www.ncbi.nlm.nih.gov/pubmed/26771122
https://doi.org/10.1016/j.jenvman.2013.03.051
http://www.ncbi.nlm.nih.gov/pubmed/23666070
https://doi.org/10.1146/annurev.psych.51.1.201
http://www.ncbi.nlm.nih.gov/pubmed/10751970
https://doi.org/10.1371/journal.pone.0241075


40. Bentler PM. Causal Modeling via Structural Equation Systems. In: Nesselroade J.R. & Cattell R.B.

(Eds.). Handbook of Multivariate Experimental Psychology. Perspectives on Individual Differences.

Boston: Springer; 1988.

41. Schreiber JB, Nora A, Stage FK, Barlow EA, King J. Reporting Structural Equation Modeling and Confir-

matory Factor Analysis Results: A Review. The Journal of Educational Research. 2006; 99(6): 323–

338.

42. Bollen KA. Structural Equation Models. In: Armitage P. & Colton T. (Eds.). Encyclopedia of Biostatistics.

Chichester: John Wiley & Sons Ltd; 2005.

43. Backhaus K, Erichson B, Plinke W, Weiber R. Multivariate Analysemethoden: Eine anwendungsorien-
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