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Abstract

To understand how compliance develops both in everyday and corporate environments, it is crucial to understand how dif-
ferent mechanisms work together to shape individuals’ (non)compliant behavior. Existing compliance studies typically focus
on a subset of theories (i.e., rational choice theories, social theories, legitimacy theories, capacity theories, and opportunity
theories) to understand how key variables from one or several of these theories shape individual compliance. The present
study provides a first integrated understanding of compliance, rooted in complexity science, in which key elements from
these theories are considered simultaneously, and their relations to compliance and each other are explored using network
analysis. This approach is developed by analyzing online survey data (N=2562) about compliance with COVID-19 mitigation
measures. Traditional regression analysis shows that elements from nearly all major compliance theories (except for social
theories) are associated with compliance. The network analysis revealed groupings and interconnections of variables that
did not track the existing compliance theories and point to a complexity overlooked in existing compliance research. These
findings demonstrate a fundamentally different perspective on compliance, which moves away from traditional narrow,
non-network approaches. Instead, they showcase a complexity science understanding of compliance, in which compliance
is understood as a network of interacting variables derived from different theories that interact with compliance. This points
to a new research agenda that is oriented on mapping compliance networks, and testing and modelling how regulatory and
management interventions interact with each other and compliance within such networks.
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Introduction

Corporate compliance is a key challenge and a key aspect
of the practice and study of business ethics. There is a
large literature on what variables shape compliance. Part
of this literature has sought to understand compliance at
the corporate organizational level. Here, much attention
has been devoted to corporate compliance management
systems, codes of conduct, and whistleblower complaint
systems. Studies have looked at whether these compliance
management systems are effective (Coglianese & Lazer,
2003; McKendall et al., 2002; Weaver et al., 1999), or
what aspects of such systems are effective in ensuring
compliance (Parker & Nielsen, 2009). A recent review of
this body of work concludes that compliance management
systems only result in modest improvements in risk reduc-
tion, and that for such systems to be effective, they need
to exist in a favorable organizational culture with support
from management and information technologies (Coglia-
nese & Nash, 2021).

However, both in corporate and everyday settings, (non)
compliance ultimately involves individuals who obey or
break rules, laws, or policies. As such, understanding
the processes that shape individual (non)compliance is
essential in order to effectively address compliance risks.
Research in corporate settings is particularly oriented
towards workplace unethical behaviors, which different
studies have associated with a range of different vari-
ables, situated in individual characteristics, moral issue
characteristics, and organizational environment character-
istics (for a meta-analysis, see Kish-Gephart et al., 2010).
Among others, different studies have looked at personal-
ity factors (e.g.,Trevino & Youngblood, 1990), incentives
(e.g., Ashkanasy et al., 2006), justice considerations (e.g.,
Trevino & Weaver, 2001), social processes (e.g., O’Fallon
& Butterfield, 2012; Thau et al., 2015), and opportuni-
ties for offending (e.g., Pendse, 2012). Broadening the
perspective towards the broader social and behavioral
sciences, there is an even larger and more diverse body
of work that has examined why individuals comply with
particular rules, laws, or policies. In this literature, we
can distinguish five key theoretical approaches, which
have developed in relative isolation from each other—in
different disciplines, focusing on different settings and
behaviors. Broadly they comprise rational choice theo-
ries (Becker, 1976; Shover & Hochstetler, 2005), social
theories (Nolan & Wallen, 2021; Schultz et al., 2007),
legitimacy theories (Murphy & Tyler, 2008; Tyler, 1997,
2006; Tyler & Blader, 2005), capacity theories (Langton &
Piquero, 2007; Pratt & Lloyd, 2021; Van Rooij, 2021), and
opportunity theories (Benson & Madensen, 2007; Benson
et al., 2009; Clarke, 2003). Each of these literatures has
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focused on its own concepts and variables to understand
how these predict individual compliance within specific
settings. However, the literature lacks an integrated per-
spective that illuminates how this spectrum of variables
interacts with individual compliance in particular settings
in corporate or everyday life. Indeed, Kish-Gephart et al.
(2010) signal an urgent need for research that simultane-
ously considers different explanations.

The present study seeks to move beyond the siloed
approach to compliance that has dominated existing stud-
ies so far. It is premised on the notion that compliance is a
multifaceted phenomenon that is likely related to a multitude
of factors from across the existing five theoretical domains.
Most likely the influences on compliance do not operate
independently from each other, but rather will show com-
plex interrelationships. Consider for instance punishment,
one of the key variables in a rational choice approach to
compliance. Enhancing punishment may not only affect the
perceived cost of noncompliance, but also may crowd out
social norms (a key aspect of social theories) that strengthen
compliance (Gneezy & Rustichini, 2000), or convey negative
social norms by suggesting that offending is common (Cial-
dini et al., 2006). Punishment may also interact with people’s
capacity to comply, in that it may be ineffective for people
who do not know the rules (Darley et al., 2001); moreover,
punishing offenders may take away their ability to lead law-
abiding lives, for example by impeding their access to work
or housing (Alexander, 2010). Moreover, compliance itself
may affect the factors that come to shape it: for instance,
the frequency of offending may also impact expectations
of punishment, and actual punishment levels (Bar-Gill &
Harel, 2001). As this example illustrates, it is likely that
key mechanisms of individual compliance do not operate
independently, but rather show complex relationships that
are obscured in the narrow approaches that have dominated
existing research.

For this reason, the present study seeks to understand
individual compliance as part of a complex system in which
a multitude of variables interact with each other and with
compliance (Barabasi, 2007, 2016). From a complexity
approach (Cilliers, 2000; Meadows, 2008), compliance
would be part of a larger, interconnected and interacting
system of relevant mechanisms that cannot be fully under-
stood by isolating specific variables, or a subset thereof.
Conversely, if the complex system in which compliance is
embedded is not properly understood, compliance interven-
tions may have unforeseen results. The present study draws
on the network analysis method developed in complexity
science, as applied also in psychology (Barabasi, 2007;
Borsboom & Cramer, 2013; Borsboom et al., 2021; Dalege
et al., 2018; van der Maas et al., 2020). This approach allows
us to understand individual compliance in relation to the
key theoretical approaches from the social and behavioral
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sciences, as well as illuminating the relationships between
their focal concepts.

The study is highly relevant for corporate compliance
and business ethics for several reasons. First, it responds
to the call for greater integration of explanations of indi-
vidual compliance (Kish-Gephart et al., 2010). It does so
by situating individual compliance in the broadest and most
extensive bodies of knowledge on the subject. Second, with
the network approach we employ here, it provides a template
for studying these processes across different specific settings
in corporate or everyday life. Third, by demonstrating how
these variables interrelate in a complex network, the net-
work approach to compliance showcased here can be further
developed to help to illuminate how individual compliance
may be shaped by particular compliance interventions (e.g.,
by modeling their direct and indirect effects in the network
in simulations, see Lunansky et al., 2021).

The present paper applies this network approach to
individual-level compliance through a study of behavio-
ral responses to virus mitigation measures during the first
wave of the COVID-19 pandemic. Governments around the
world introduced these measures to curb the spread of the
virus, affecting both individuals and corporations by plac-
ing far-reaching restrictions on individual behavior. This
setting is suitable for applying a network perspective on
individual compliance because it concerns the introduction
of a novel set of rules which applied to all individuals; as
opposed to many other rules, laws or policies which apply
to subsets of individuals or companies, and where responses
have already become habitual. Recent work has shown that
empirical network models can provide insight into the inter-
play of psychological factors that are important in relation to
COVID-19-related behavior (Chambon et al., 2021, 2022;
Taylor et al., 2020). Furthermore, it represents a setting in
which core variables from all five major compliance the-
ories have been hypothesized to be at play (for a review,
see Kooistra & van Rooij, 2020; also see Reinders Folmer
et al., 2021). These features make this a setting that is ideally
suited for understanding how these variables may interrelate
with individual compliance in a complex network. With our
theoretical focus on individual compliance, as well as our
network approach, our research also moves beyond such
related work, which has principally focused on pandemic
mitigation, and failed to consider the complex relationships
between predictors.

For these purposes, our study leverages a survey that
operationalizes variables from across the five key com-
pliance theories. To demonstrate the contribution of our
network approach, we first rely on traditional statistical
analyses (correlational and regression), and then conduct
network analysis in which all variables are modeled as an
interconnected network. From the results, we explain how
the network understanding of individual compliance differs

from the insights obtained from traditional non-network
statistical approaches. Furthermore, we discuss how the
observed network aligns with, or differs from the original,
siloed theoretical approaches. Based on this, we advance a
template for a network approach to individual compliance,
with which these processes can be modeled in other (corpo-
rate or everyday) settings. The purpose of the paper therefore
is methodological and theoretical: it seeks to showcase a
network approach to individual compliance within a spe-
cific sample and empirical setting. We do not claim that the
observed compliance network within the empirical setting
studied here will directly generalize to other samples, or to
other settings in everyday or corporate life. Rather, the study
employs this empirical setting to demonstrate how a net-
work approach can advance our understanding of individual
compliance here, and to draw out implications and recom-
mendations for studying compliance in other (corporate or
everyday) settings.

Compliance Theories

The study of compliance focuses on the interaction between
legal rules, and human and organizational conduct. While
some studies take an interpretative and endogenous
approach, in seeking to understand how behavioral responses
to the law shape the meaning of legal rules (Edelman, 1992;
Edelman & Talesh, 2011; Edelman et al., 1991; Lange,
2002), most studies of compliance seek to understand why
people obey or break rules. This latter question has been
studied across different academic domains, across different
types of rules, and with a focus on different mechanisms
and interventions that may shape behavioral responses to
legal rules (van Rooij & Sokol, 2021). This has resulted in
a patchwork of different theories that are seldomly brought
together and that exist in compartmentalized silos, each
with their own literatures, methods and findings. The pre-
sent study seeks to make use of some of the most important
ideas that have developed across these different literatures
to study compliance with COVID-19 mitigation measures
in the context of the Netherlands as it occurred during the
first pandemic wave.

We can distinguish several families in compliance
theories. The first family are the rational-choice theories.
These have developed in economics (Becker, 1968) and
criminology (Gul, 2009; Shover & Hochstetler, 2005).
According to this theoretical approach, compliance origi-
nates in a rational choice, where, simply summarized,
actors will choose to break the rules if the benefits (minus
costs) of compliance are lower than the benefits (minus
costs) of violation. As such, a first aspect of rational
choice theories is the cost of compliance (Donovan &
Blake, 1992; Paternoster & Simpson, 1993). Such theo-
ries hold that fewer people will comply when the costs of
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compliance are higher than the costs of noncompliance.
In the context of COVID-19 mitigation, we thus expect
that when the costs of complying with mitigation meas-
ures are higher (for instance when people lose income or
their job), compliance will decrease. Related to this are
the benefits of compliance (although there is less study of
this). In context of COVID-19, these particularly relate to
the mitigation of the threat of the virus. Based on rational
choice theories, we thus expect that the more people fear
the threat of the disease (and thus value mitigating it), the
more they will comply.

A second key aspect of these theories (and the aspect that
has attracted most scholarship) is general deterrence: the
costs that people perceive they may suffer should they break
the rules. According to general deterrence theory, people
comply more with rules when there is a greater certainty and
severity of punishment (Becker, 1968; Polinsky & Shavell,
2000; Shavell, 1991). There is no conclusive evidence that
stronger punishment alone deters people from crime (Braga
et al., 2019; Schell-Busey et al., 2016; Simpson et al., 2014);
there is stronger evidence that more certain punishment does
so (Nagin, 2013). However, research shows that deterrence
is a subjective mechanism (Apel, 2013; Decker et al., 1993),
and, therefore, that it is important to study the perceptions
that people have of both the certainty of punishment and the
impact that punishment may have on their lives (Grasmick &
Bryjak, 1980). Thus, following deterrence theory, we expect
that greater perceived certainty of punishment and greater
perceived severity of punishment will have a deterrent effect,
and therefore will result in greater compliance with mitiga-
tion measures.

A second family of compliance theories is oriented on
the social embeddedness of human conduct and human
responses to the law. These social theories have developed
for instance in social norm theories in psychology (Nolan &
Wallen, 2021; Nolan et al., 2008; Schultz et al., 2007), and
social learning theories in criminology (Akers & Jensen,
2011; Pratt et al., 2010). These theories hold that human
behavior is not merely driven by motivational forces on the
individual level (as rational choice at least implicitly seems
to hold), but that behavior and its meaning is deeply embed-
ded in a social context. As a result, the more that one’s social
context is opposed to legal rules, the more likely it is that
there will be non-compliance. Psychological research has
found that the more that people see others violate rules (i.e.,
a descriptive social norm for not complying), the more likely
they are to do so themselves (Cialdini & Trost, 1998; Cial-
dini et al., 2006; Goldstein et al., 2008; Schultz et al., 2007).
Thus, based on social theories, we expect that the more that
people see others not following COVID-19 mitigation meas-
ures, the less that they will do so themselves. Conversely,
the more that others are seen to comply, the more that they
themselves will do so too.
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A third family of theories look at the legitimacy of the
rules, the authorities, or the law in general. Building on
Tyler’s foundational work (Tyler, 2006), a large body of
research has shown that people’s responses to legal rules
are associated with their perceptions of those rules, and
of the authorities that adopt and enforce them. Generally,
these studies find that the more people see the rules and the
authorities as legitimate, the more they will comply with
them (Murphy & Tyler, 2008; Nagin & Telep, 2017; Tyler,
1997, 2006, 2017; Tyler & Blader, 2005; Walters & Bolger,
2019). Here, we can distinguish between a substantive legiti-
macy, where people’s own morals and preferences are in line
with the substance of the rules (or simply put: where they
agree with the rules), and a procedural legitimacy, where
people perceive the procedures through which the rules
were adopted and implemented as fair and just (Tyler, 1997,
2006). Both forms of legitimacy are associated with compli-
ance: the more people agree with rules, the more they com-
ply (Tyler, 1997, 2006), and the more they see rules and their
implementation as procedurally fair, the greater their com-
pliance (Walters & Bolger, 2019). Closely related to legiti-
macy is the obligation to obey the law (“OOL”). This refers
to people’s felt obligation to obey the law in general, simply
because it is the law, even when there is limited enforce-
ment, or when they do not feel a particular social or moral
reason to follow the rules (Fine & Van Rooij, 2021). OOL is
a core expression or a downstream consequence of people’s
felt legitimacy, as people with a higher sense of legitimacy
will develop a higher OOL when they view authorities as
legitimate (Gau, 2015). People who have a higher OOL are
more likely to comply with the law (Tyler, 2006). As such,
based on legitimacy approaches to compliance, we expect
that people will comply more with COVID-19 mitigation
measures the more they morally support these measures; the
more they support the authorities and their policy response
to the virus; the more they perceive the enforcement of these
rules to be procedurally fair; and the more they feel a general
duty to obey the law.

A fourth family of compliance theories concerns the
capacity people have to comply with the rules. It stands to
reason that the more difficult it practically is for people to
comply with rules, the less likely they will be to effectively
do so. For people to have the capacity to comply, it is impor-
tant they have sufficient knowledge of what is expected of
them (Darley et al., 2001; Kim, 1999; Van Rooij, 2021).
However, research demonstrates that people’s knowledge
of legal rules is often inaccurate or lacking, reducing their
compliance (Van Rooij, 2021). Therefore, we expect that
people with more knowledge of mitigation measures will
show greater compliance. Additionally, the more unclear
rules are to people, the more difficult it is for them to know
what is expected of them (Feldman & Teichman, 2009).
For this reason, we expect that people who experience the



A Network Approach to Compliance: A Complexity Science Understanding of How Rules Shape Behavior 483

Table 1 Overview of

. ! Compliance theories
compliance theories and

Mechanism Submechanism

mechanisms Rational choice theories

Social theories

Legitimacy theories

Capacity theories

Opportunity theories

Costs of compliance

Perceived threat

Deterrence
Certainty of punishment
Severity of punishment

Social norms

Moral support for measures
Support for policies

Procedural justice

Obligation to obey the law (OOL)

Capacity to comply
Knowledge of measures
Clarity of measures
Impulsivity

Negative emotions

Opportunity to violate

mitigation measures as less clear will display lower compli-
ance. A related aspect of people’s capacity to follow rules
is whether they are able to exert self-control, and are able to
restrain themselves from breaking rules. Previous crimino-
logical findings have shown that high levels of impulsivity
predict deviant behavior (Gottfredson & Hirschi, 1990; Pratt
& Cullen, 2000, 2005; Pratt & Lloyd, 2021; Vazsonyi et al.,
2017). Related to this, some people’s capacity to follow the
rules may be undermined by negative emotions they experi-
ence or develop. More specifically, a considerable body of
research on strain theory has demonstrated an association
between negative emotions and rule violating and deviant
behavior, such that people may cope with negative emo-
tions through rule-breaking (Agnew, 1992, 2007; Agnew &
White, 1992; Agnew et al., 2002; Baron, 2004; Botchkovar
et al., 2009; Langton & Piquero, 2007; Piquero & Sealock,
2004). Accordingly, we expect that compliance with mitiga-
tion measures will be lower among more impulsive people,
and among people who experience more negative emotions
as a result of the pandemic. More generally, capacity theo-
ries thus imply that people will comply more with mitigation
measures the more they are able to do so (Reinders Folmer
et al., 2021).

The fifth, and final theoretical family that we incorpo-
rate focuses on opportunities people have for breaking the
rules. A large body of work from criminology (Benson &
Madensen, 2007; Benson et al., 2009; Van Rooij & Fine,
2021) and behavioral ethics (Feldman, 2018) has shown that

compliance is shaped by the situation in which it takes place.
Routine activities theory has for instance shown that crimi-
nal behavior develops more easily when there are attractive
targets which are left undefended to motivated offenders
(Cohen & Felson, 1979; Osgood et al., 1996; Spano & Freil-
ich, 2009). Situational crime prevention theory has broad-
ened this idea toward all situations that lower the threshold
for illegal behavior, for instance by providing easy access to
tools or techniques needed to break the law (Clarke, 2003,
2005). Based on these theories, we thus expect that the more
opportunities people have to violate COVID-19 mitigation
measures, the less they will comply.

The Present Study

The present study seeks to understand individual compliance
as part of a complex system in which a multitude of vari-
ables interact with each other and with compliance to shape
one another (Barabasi, 2007, 2016). Our approach aims to
situate individual compliance in relation to the five major
theoretical approaches to the subject, as well as to illuminate
the relationships between their focal concepts. We develop
our approach in the setting of COVID-19 mitigation meas-
ures, during the first pandemic wave in the Netherlands. For
this purpose, we conducted a survey that assessed compli-
ance with social distancing and stay-at-home measures, as
well as key mechanisms from each of the major compliance
theories (see Table 1).
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Our approach draws on network analysis, which empiri-
cally estimates network models through statistical analysis
(see Dalege et al., 2017 for a tutorial in the context of atti-
tudes). A network is a graphical representation of the meas-
ured variables (nodes) and the links or relationships (edges)
between them (Dalege et al., 2017; Hevey, 2018). As such,
network analysis allows us to understand the system-level
relationships of the compliance theories and their potential
mechanisms (Hevey, 2018).

In the estimation of the network model, edges only
appear after controlling for every other node in the network
(Epskamp et al., 2018c¢). This means that the specific relation
between two nodes cannot be explained by the presence of
other variables. A positive edge between two nodes indi-
cates their preference to align (Epskamp et al., 2018a). For
example, suppose that the variables punishment certainty
and punishment severity would be positively connected. This
would indicate that people who, on average, perceive pun-
ishment to be more likely, also, in general, perceive punish-
ment to be more severe. Contrary, a negative edge indicates
a negative association between connected nodes. A graphical
illustration of an estimated network model can illustrate how
concepts from the different theoretical approaches may relate
to compliance and to each other—and thereby, may provide
insight into the potential mechanisms related to compliance.

Furthermore, network analysis provides insight into clus-
ters, or nodes that are highly interconnected among them-
selves, but poorly connected with nodes outside this cluster
(Hevey, 2018). As such, a network approach will demon-
strate whether factors from particular theoretical families
will form distinct clusters, as would be expected based on
their distinct literatures. In addition, network analysis will
provide insight into centrality, or the extent to which nodes
are more (or less) connected in the network, and hence more
(or less) important (Borgatti, 2005; Freeman, 1978). The
hypothesis is that more centrally located nodes may have a
larger influence on the network’s behavior (Epskamp et al.,
2018a). A clear hierarchical structure in node centrality may
potentially favor a particular compliance theory, for instance
when several variables of a theory show high centrality. Last,
to demonstrate how a network approach moves beyond tradi-
tional, non-network approaches to compliance, we contrast
these insights with those obtained through correlational and
regression analysis.

Our contribution to the existing literature is threefold.
First, our network approach enables us to understand the
interrelations that exist between the different theoretical
concepts that are obscured in a traditional, non-network
approaches to compliance. This enables us to understand
how changes in particular variables may spread throughout
the network to directly or indirectly impact other variables,
including compliance. Secondly, our network approach
allows us to assess if the observed structure of variables
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aligns with the major compliance theories, such that vari-
ables originating from the same theory form distinct clus-
ters, which are separate from variables from other theories.
This comparison allows us to understand whether it makes
empirical sense to approach compliance from these singular
theories, or whether it is more appropriate to integrate them,
in ways that may not previously have been considered in the
literature. Finally, our research contributes to the general
literature on compliance by providing a template for a com-
plex system approach to compliance, with which compliance
can be studied in other settings in corporate or everyday life.

Methods

Ethical approval was obtained from the Ethics Review Board
of the Amsterdam Law School of the University of Amster-
dam on April 3, 2020. All participants provided consent
before taking part in the study. Participation was voluntary,
and participants could stop the survey at any time.

Participants

Participants were recruited between April 7 and April 14,
2020, through the online platform Prolific Academic. They
were redirected to Qualtrics to fill out a survey (in Eng-
lish). Only English-speaking residents of the Netherlands'
aged 18 years or higher were allowed to participate. They
were paid 2.44 GBP for participating. The initial sample
consisted of 614 participants, of whom 32 were excluded
for not finishing the survey. Furthermore, eight participants
were excluded because they provided professional care for
COVID-19 patients, and seven participants because they
failed the attention check.” Finally, six participants indicated
a non-binary gender orientation—an insufficient number to
study as a separate category; hence, they were also omitted.
This resulted in a final sample of N=1562. Table 2 shows the
sample characteristics.

Materials

Table 3 shows the number of items and a sample item for all
dependent and independent variables. A detailed description
of these materials can be found in “Appendix A”.

! The Netherlands is ranked first regarding English skills after exclu-
sion of native English countries (https://www.ef.com/wwen/epi);
more than 90% of Dutch people rate themselves as reasonable to flu-
ent in English (Edwards, 2014).

2 One participant was excluded based on overlap in exclusion crite-
ria: both providing professional care and failing the attention check.
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Table 2 Sample characteristics

Characteristic Mean (SD) Percentage  Scale
Age 27.57 (8.52) 18-100
Gender

Female 44.7%

Male 55.3%

Employed

Yes 51.6%

No 48.4%
Education

No diploma 1.2%

High school degree 35.8%

College degree and higher 63.0%

Ethnic minority

Yes 16.7%

No 81.3%
Socio-economic status 6.34 (1.56) 1-10
Household size 2.79 (1.54) 0-25
Health risk self

Yes 13.0%

No 87.0%

Health risk others

Yes 74.6%

No 25.4%

Trust in science 4.29 (0.80) 1-5
Trust in media 2.93 (1.11) 1-5

Employed—yes =full-time, part-time, or self-employed; no=unem-
ployed, student, retired, homemaker, unable to work

Analyses

We first examined the associations between compliance
and the theoretical variables using traditional, non-net-
work analyses (i.e., correlations and regression analysis).
Then, we conducted network analysis to understand their
system-level relationships.

Correlations and Regression Analyses

Preliminary data analyses revealed negative skew in the
dependent variable and heteroskedasticity. For these rea-
sons, we relied on nonparametric correlations, and on
regression analyses with robust (heteroscedasticity-con-
sistent) standard errors. Nonparametric correlations (Ken-
dall’s tau) between compliance and additional variables,
and between compliance and independent variables were
computed using IBM SPSS Statistics 25. OLS regression
analyses with robust standard errors (Huber-White sand-
wich estimator) were conducted using STATA 16.0.

Network Analysis

Network analysis was conducted in R (R Core Team, 2013)
with the package mgm (Haslbeck & Waldorp, 2020) with
all pairwise interactions (k=2). Mgm (Mixed Graphical
Models) is used to estimate a network from different types
of data, such as continuous variables (e.g., compliance) and
categorical variables (e.g., knowledge of measures). The net-
work was estimated using nodewise regression. Edge selec-
tion was based on tenfold cross-validation, and an edge was
included in the network if any of the two possible directions
between edges were selected. The clusters in the networks
were determined through cluster stability and detection anal-
ysis with a cluster walktrap algorithm (see Online Appendix
C). The R code for the network analysis can be found in
Online Appendix C.

We assess the centrality of nodes, which indicate their
position in the network. Centrality is assessed by calculating
the node strength, i.e., the sum of the strength of (absolute)
associations (edge weights) to connected nodes (Epskamp
et al., 2018a, b, c). The bootstrapped centrality difference
test (Epskamp et al., 2018a) is conducted to test for signifi-
cant differences between nodes. The R code or the network
analysis can be found in Online Appendix C.

Results
Compliance

Table 4 shows the descriptive statistics of the compliance
measures. For all items, participants reported relatively high
levels of compliance. Responses to all five items were mean-
scored to create a combined scale measure of compliance
(see “Appendix A” for more details).

Descriptive Statistics

Table 5 shows the descriptive statistics for the independent
and additional variables.

Correlations and Regression Analysis

“Appendix B” displays the results of the correlational analy-
ses. These revealed significant correlations between com-
pliance and variables from several of the major theoretical
approaches: benefits of complying, in terms of perceived
threat (rational choice theories), social norms (social theo-
ries), moral support, obligation to obey the law, and pro-
cedural justice (legitimacy theories), capacity to comply,
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Table 3 Number of items and examples for dependent and independent variables

Variables (no. items)

Example of item

Compliance (5)

Rational choice theories
Costs of compliance (5)
Perceived threat (3)
Punishment certainty (4)
Punishment severity (2)

Social theories
Social norms (5)

Legitimacy theories
Moral support (2)
Support for policies (2)
Obligation to obey the law (1)

Procedural justice (7)

Capacity theories
Capacity to comply (3)
Knowledge of measures (7)

Clarity of measures (1)

Impulsivity (5)

Negative emotions (6)
Opportunity theories

Opportunity to violate (5)

I still meet people outside of my direct household

Due to the measures to contain the Coronavirus, I will likely lose income
I believe the Coronavirus is a major threat to my health
How probable is it that authorities will punish you if you do not follow social distancing measures?

How much will you suffer if authorities punish you not following social distancing measures?

Most people I know are following social distancing measures

I morally believe that people should follow social distancing measures to contain the Coronavirus
Authorities and government officials have been consistent with their approach to contain the Coronavirus
I feel like it is sometimes okay to break the law

In enforcing the measures to reduce the spread of the Coronavirus, I expect that the authorities will treat
people with respect

At this moment, I am able to keep a safe distance from others

According to measures adopted by authorities to contain the Coronavirus, I am currently required to not meet
people from my direct household

The measures authorities have adopted to reduce the spread of the Coronavirus are: (extremely unclear—
extremely clear)

I should try harder to control myself when I’m having fun

The Coronavirus makes me feel angry

At this moment, if it were against the rules, it would still be possible for me to meet people outside of my
direct household

Table 4 Descriptive statistics
for compliance measures

knowledge of measures, clarity of measures, impulsivity,
and negative emotions (capacity theories), and opportunity
to violate (opportunity theories). As such, this suggested

3 Additionally, these analyses revealed significant associations
between compliance and several supplementary variables: age, gen-
der, household size, socio-economic status, health self, health other,

and trust in science.

@ Springer

Item Mean SD Scale
Since the authorities took measures to contain the Coronavirus:
Social distancing
I still meet people outside of my direct household® 5.89 1.10 1-7
I keep a safe distance from people outside of my direct household 6.04 1.16 1-7
1 still visit others (friends, relatives) outside of my direct household® 6.24 0.97 1-7
I still allow others (friends, relative) to visit my direct household® 6.16 0.97 1-7
Stay at home
I have stayed at home after I was ordered to do so, apart from engaging in  5.93 1.24 1-7
essential activities (e.g., grocery shopping, medical appointments)
Compliance (combined scale measure) 6.05 0.72 1-7

4Reverse scored

that all five of the major theoretical approaches were asso-
ciated with individual compliance in this setting—although
perceived costs of compliance, punishment certainty, and
punishment severity (rational choice theories) were unre-
lated to compliance.?

Next, we estimated a regression model (with robust
standard errors) in which the independent variables (i.e.,
the compliance mechanisms) were entered as independent
variables, and the compliance scale measure as dependent
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Table 5 Descriptive statistics M(SD) of variables

Variables M(SD) Scale
Rational choice theories

Costs of compliance 4.04 (1.35) 1-7

Perceived threat 4.97 (1.10) 1-7

Punishment certainty 3.48 (1.27) 1-7

Punishment severity 3.61 (1.15) 1-6
Social theories

Social norms 5.40 (1.15) 1-7
Legitimacy theories

Moral support 6.25 (1.06) 1-7

Support for policies 4.47 (1.19) 1-7

Obligation to obey the law 4.35(1.70) 1-7

Procedural justice 5.36 (1.09) 1-7
Capacity theories

Capacity to comply 5.40 (1.13) 1-7

Knowledge of measures 5.21(1.67) 0-7

Clarity of measures 5.31(1.32) 1-7

Impulsivity 2.11 (0.80) 1-5

Negative emotions 4.08 (1.16) 1-7
Opportunity theories

Opportunity to violate 3.84 (1.38) 1-7

variable. The analysis controlled for all additional variables
that displayed significant correlations with compliance. Col-
linearity statistics showed no issues with multicollinearity
(VIF <1.36, tolerances >0.73). The results are displayed
in Table 6. Compliance was significantly predicted by per-
ceived threat (rational choice theories), moral support for
measures (legitimacy theories), practical capacity to comply,
knowledge of measures, and impulsivity (capacity theories),
and opportunity to violate (opportunity theories).* As such,
when considering their unique contributions, four of the
major compliance theories contributed variables that showed
significant associations with individual compliance. How-
ever, several other variables from these theoretical families
no longer showed significant associations with compliance
(i.e., obligation to obey the law, procedural justice, clarity
of measures, and negative emotions), while social theories
no longer predicted this outcome.

Network of Factors Related to Compliance

Figure 1a shows the network of factors related to individual
compliance in this setting. In this network, the nodes (the
circles) represent the variables originating from the different
compliance theories (as well as the control variables), and

4 Of the control variables, gender significantly predicted compliance,
such that compliance was greater among women.

Table 6 Linear regression of compliance (with robust standard
errors), adjusted for control variables

B SE Effect size
(Cohen’s d)

Additional variables

Age 0.00 0.00 0.07

Gender 0.12* 0.06 0.18

Household size -0.02 0.02 0.11

Health self 0.09 0.07 0.10

Health other 0.07 0.06 0.10

Trust in science 0.07 0.04 0.17
Rational choice theories

Costs of compliance 0.04 0.02 0.16

Perceived threat 0.07* 0.03 0.21

Punishment certainty -0.03 0.02 0.12

Punishment severity 0.04 0.02 0.14
Social theories

Social norms 0.05 0.02 0.18

Legitimacy theories

Moral support 0.13%**  0.04 0.39

Support for policies —0.05 0.03 0.17
Obligation to obey the law 0.02 0.02 0.08
Procedural justice —0.00 0.03 0.01

Capacity theories

0.09%**  0.03 0.32
Knowledge of measures 0.08***  0.02 0.43
Clarity of measures 0.02 0.02 0.08
—0.12%* 0.04 0.31
—0.00 0.03 0.02

Capacity to comply

Impulsivity
Negative emotions
Opportunity theories

Opportunity to violate —0.06% 0.02 0.23
R? 0.30

the edges (the lines) the relationships between them. The
edges are undirected: this means that the nodes connected
by the edge have some mutual relationship, but any causal
direction of this relationship is undetermined. Furthermore,
the edges are weighted: this means that the thickness of the
edge reflects the strength of the relationships between the
nodes (Haslbeck & Waldorp, 2020). The edge may reflect
a positive relation (blue edges), or a negative relation (red
edges). Edge weights with values below 0.07 are omitted in
the visualization of the network.’

The colored groups are clusters: groups of nodes that
show higher connectedness with nodes within that cluster
than with nodes outside of it (Borsboom et al., 2011). In this
network, we can distinguish five clusters. Table 7 presents

3 More information on the accuracy of edge weights and formal edge
difference tests is provided in Online Appendix C.
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(a)

Minimum: 0.07

Fig.1 a Psychological network of factors related to compliance
with COVID-19 mitigation measures. Nodes represent measured
compliance mechanisms and edges represent relations between
nodes (blue =positive, red =negative). Positive relations with binary
nodes (marked #) indicate that increasing the other node results in a
higher probability for category one of the binary node (i.e. Gender
1 =Female; Education 1=Higher; Employed 1=Yes, Health Self

the clusters as expected based on the five major theoretical
families (columns 1-2), and the clusters as observed in the
data (columns 3-7). As can be seen, the observed clusters
in the network did not match the expected clusters. Rather,
every cluster contained factors from multiple theories, and
none of the clusters lined up with one specific theory. The
purple cluster represents the cluster of nodes related to com-
pliance. It consists of nodes belonging to rational choice
theories (Perceived Threat and Punishment Certainty), legit-
imacy theories (Moral Support), capacity theories (Capac-
ity to Comply and Impulsivity) and opportunity theories
(Opportunity to Violate). As such, it encompasses variables
from four different theoretical families, which showed strong
interconnections with each other, but weak connections with
other variables from their respective theoretical families. It
suggests that in the present empirical setting, perceptions
of the rules (such as one’s support and their perceived ben-
efits) were closely aligned with perceptions of their practical
feasibility (i.e., one’s perceived capacity to comply, oppor-
tunities for offending, and perceived consequences of doing
so). This implies that more favorable perceptions of rules
may coincide with greater perceived practical feasibility of
following them.

@ Springer

(b) Strength
Gender 4
Education 4
Compliance 4
SES+
© Gen*: Gender 4
© Perc_Thr: Perceived Threat Percelved Threat
© Moral_Supp: Moral Support 4
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© Capacity: Capacity to Comply 4
o Ot iy o Vit Negative Emotions
© Impulsi: Impulsivity | 4
© Comply: Compliance Moral Support
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© Edu*: Education
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© HouseH: Household size S fi licies 4
© Cost_Compl: Costs of Compliance Kpportfof,Policies
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© Neg_Emo: Negative Emations
Procedural Justice 4
© Trust_Sci: Trustin Science Household size 4
© Trust_Med: Trust in Media
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© Soc_Norm: Social Norms
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© Cloar_Meas: Clarity of Measures
Impulsivity 4
© H_Self*: Health Self Health Other 4
© H_Oth*: Health Other
Clarity of Measures 4
© OOL: Obligation to Obey the Law Trust in Media o
© Know_Meas: Knowledge of Measures
Punishment Certainty 4
Trust in Science 4
Punishment Severity 4
Costs of Compliance 4
Social Norms 4
04 038 12 1.6

1=Yes; Health Other 1= Yes). Edge width and color density indicate
the strength of relations (edge weight). Edges with weights below a
value of 0.07 are omitted; b centrality measure ‘strength’ for each
node in the network. This measure represents the average conditional
association between that node and other nodes in the network, and is
calculated by the sum of the absolute edge weights of the relations a
specific node has with connected nodes. (Color figure online)

The yellow cluster, containing the perceived social norm
surrounding compliance (Social Norms), indicates intercon-
nectedness of nodes from legitimacy theories (Support for
Policies and Procedural Justice), capacity theories (Clarity
of Measures) and (supplementary) variables concerning trust
(Trust in Science and Trust in Media). This suggests that
people’s perceptions of the legitimacy of authorities may
be closely aligned with the clarity of their measures, and
the extent to which others are seen to comply with them.
As such, greater perceived legitimacy of authorities may
coincide with stronger perceived norms for following their
measures.

The orange cluster, containing most demographic varia-
bles, reveals interconnectedness with variables from rational
choice theories (Punishment Severity and Costs of Compli-
ance) and capacity theories (Negative Emotions). Hence,
negative consequences here seemed to be interconnected
with negative emotions, or alternatively, people’s percep-
tions of such consequences were connected to their emo-
tional state.

The blue cluster suggests higher connectedness between
variables from legitimacy theories (Obligation to Obey the
Law) and capacity theories (Knowledge of Measures). This



A Network Approach to Compliance: A Complexity Science Understanding of How Rules Shape Behavior 489

Table 7 Overview of variables that were expected to cluster based on theories and observed clusters

Cluster 1
(purple)

Theory Variable/node

Cluster 3
(orange)

Clus-
ter 5

(green)

Cluster 2 (yel- Cluster 4 (blue)

low)

Compliance X
Rational choice Perceived threat X
Punishment certainty X
Punishment severity
Costs of compliance
Social Social norms
Legitimacy Moral support X
Support for policies
Procedural justice
Obligation to obey the law
Capacity Capacity to comply X
Impulsivity X
Clarity of measures
Negative emotions
Knowledge of measures
Opportunity Opportunity to violate X
Additional variables Trust in science
Trust in media
Gender X
Employed
Education
Health self
Health other
Age
SES
Household size

suggests that greater perceived legitimacy of authorities may
coincide with greater practical knowledge of the rules they
make. In sum, these findings show important interrelations
between the variables that are obscured in traditional, non-
network approaches to individual compliance—moreover,
they thereby reveal associations that do not align with the
major theoretical families in compliance research.

Table 8 displays the edge weights corresponding with the
compliance network, indicating the strength of the relation-
ship between each pair of nodes (variables). As can be seen,
the analysis revealed positive associations (edges) between

5 Edge difference tests (see Online Appendix C) indicated that these
relations with Compliance were of comparable strength, meaning that
these did not differ significantly.

7 Please note that the score on the node Knowledge of Measures
leaned toward a bimodal distribution, which could potentially lead
to instable results. The edge accuracy analysis (see Online Appendix
C) provides information to evaluate the accuracy of the edges with
Knowledge of Measures.

Compliance and several of the theorized variables, the
strongest of which were Knowledge of Measures (0.19) and
Capacity to Comply (0.15; capacity theories), Moral Sup-
port (0.18; legitimacy theories), and Perceived Threat (0.10;
rational choice theories).,” Additionally, Compliance had
negative relations with Impulsivity (—0.12; capacity theo-
ries), Opportunity to Violate (—0.07; opportunity theories)
and Support for policies (—0.07, rounded up; legitimacy
theories).

However, beside the relations with Compliance, the
network also revealed numerous interrelations among the
theorized variables, including between variables originating
from different theoretical families. For example, Perceived
Threat (rational choice theories) was also directly associ-
ated with greater Moral Support (0.25) and Obligation to
Obey the Law (0.16; legitimacy theories).In addition, salient
was the strong positive relation between Support for Policies
(legitimacy theories) and Clarity of Measures (0.36; capac-
ity theories). In sum, the network analysis confirmed several
of the associations with compliance that had been observed

@ Springer
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3 in the correlational and regression analyses. Importantly,
g however, it also revealed sizable interrelations that suggest
g“ 8§23 2 these variables may indirectly influence each other and com-
S =97 = pliance, and also be (directly and indirectly) influenced by
compliance. Moreover, many of these associations involve
v 2 variables originating from different theoretical families.
2 E e T Centrality
S8
z3 2 = Lastly, we examined the centrality of the nodes by calculat-
§ g SES ing the node strength. Simply put, nodes that have more,
and/or stronger associations with other nodes will have a
o8 higher node strength, indicating greater relative importance
z; % + o for the overall network. Figure 1b displays these values, and
e E S S Online Appendix C shows the results from the centrality
b o difference test. The centrality difference test did not find
Lo significant differences between the theoretical variables nor
g Tg é Q ® a clear hierarchical structure. Therefore, centrality analysis
o=t e < did not single out any particular theory as being especially
g E influential. Rather, most theoretical variables were broadly
g2 comparable in terms of node strength, suggesting them to
E‘J % = have comparable effects on (and to be comparably affected
335 T by) the other variables in the network.® As with the clusters,
2 node strength did not reveal a pattern that aligned with the
§ major theoretical families in compliance research.
g
£ Discussion
z
@ Understanding the processes that shape individual com-
a pliance is essential for the study of corporate compliance.
z The goal of the present research was to showcase a network
E § approach to individual compliance, where it studied indi-
g'g vidual compliance as part of a complex system of variables
o e originating from the key compliance theories from the social
g and behavioral sciences. It did so in the setting of behavioral
? = responses to COVID-19 mitigation measures during the first
§ g pandemic wave, in a sample from the Netherlands. We aimed
o to demonstrate how a network approach to individual com-
& 2 pliance can advance our understanding beyond these siloed
é E % theoretical families, and beyond traditional, non-network
A Ewn analyses. We thereby tried to illustrate how this approach
o can be utilized to deepen our understanding of individual
ﬁ = % compliance in other settings in corporate or everyday life.
E é § Results showed that individual compliance within this
setting was shaped by a combination of mechanisms, origi-
“2 TZ nating from rational choice theories (i.e., perceived threat,
% z g § Donovan & Blake, 1992; Paternoster & Simpson, 1993),
E OO s legitimacy theories (i.e., moral support for the measures;
£ . ¢ |-
S 5252 g, b0s0 58 —
oo E ZE . 3 g 28 5 > 5 2 g S 8 More information about the stability of this measure for the net-
% 5 2 = g z § 2 Z é’ '§ g 5 g work of factors related to compliance and the results from the formal
fud 3 E 8 — &7 Q ) 2 = S node strength difference tests can be found in Online Appendix C.
@ Springer
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Tyler, 1997, 2006), capacity theories (i.e., capacity to com-
ply, Darley et al., 2001; knowledge of the rules, Van Rooij,
2021; self-control, Gottfredson & Hirschi, 1990), and oppor-
tunity theories (i.e., opportunities for violating the rules,
Clarke, 2003, 2005). A first noteworthy observation from our
approach is therefore that in this setting, most of the major
compliance theories (with the exception of social theories)
offered variables that were associated with individual com-
pliance, while none of the theories exclusively explained it.
Although further research is needed to understand how these
processes may operate in other empirical settings, these find-
ings do suggest that attempts to understand individual com-
pliance from a singular theoretical perspective are likely to
overlook critical aspects of this question. Instead, the present
findings suggest that understanding individual compliance
requires a multi-theoretical perspective.

The results from the network approach showed that the
clusters of variables in the network (i.e., variables that show
higher connectedness with each other than with other vari-
ables, as indicated by the colored groups in Fig. 1a) did not
at all cluster along the expected theoretical lines (apart from
theories represented by only a single variable, such as social
theories and opportunity theories). Contrary to their siloed
theoretical families, the observed clusters consisted of vari-
ables from multiple theories, and variables originating from
the same theory often were spread into different clusters in
the network. This was even the case for variables that theo-
retically seem closely aligned, such as certainty and severity
of punishment. The network approach to individual com-
pliance therefore showed that, at least in the empirical set-
ting studied here, existing theories do not provide sufficient
conceptual basis to separate different distinct and coherent
perspectives of how individual compliance takes place in
reality. Rather, the empirical network shows that compliance
does not follow existing distinct theoretical patterns.

Furthermore, the results from the network approach
showed the interrelations between variables from different
bodies of theories, beside their associations with compli-
ance. In more traditional statistical approaches that regard
them as independent or interacting variables without looking
at the full network of interactions that exist, this is obscured.
The network revealed noteworthy associations between all
the theoretical compliance variables and compliance itself,
both directly and indirectly. It shows that in this empirical
setting, the variables do not operate independently but rather
interact in a complex network. For example, the network
showed that variables that were directly connected to com-
pliance (perceived threat, moral support, capacity to comply,
knowledge of the measures, impulsivity, and opportunity to
violate) were in turn widely connected to other variables
from throughout the network, which thus may influence (and
be influenced by) them. Thus, a network approach to compli-
ance could help to expose possible indirect ways in which

the variables may influence each other, including compli-
ance. Insight into such structures of direct and indirect con-
nections between variables may improve our understanding
of interventions. That is, effects of interventions aimed at
improving compliance can be better understood with insight
into connected variables and their tendency to align or not.
For instance, reinforcing triangular motifs (i.e., positive
relations between three connected variables) can amplify
intervention effects: increasing the first node can lead to
increasing the second node, which can lead to increasing
the third node, in turn further increasing the first node. Con-
versely, attenuating triangular motifs (e.g., negative relations
between three connected variables) might weaken the effects
of interventions due to conflicting effects. Optimizing our
understanding of such motifs requires insight into directions
of relations between variables, which future research with
repeated measures, or more advanced methods which simu-
late interventions, could obtain.

Implications

The findings have several implications for the practice,
study, and theory of compliance. Most specifically, to begin
with, our study contributes to the literature on compliance
with COVID-19 mitigation measures. Although our research
primarily utilized this setting as a suitable context for devel-
oping our network approach to individual compliance, our
findings do connect with other studies that specifically aim
to understand mitigation behaviors by drawing from the
major compliance theories (for a review, see Kooistra &
Van Rooij, 2020; also, see Reinders Folmer et al., 2021).
Importantly, our network approach suggests complex inter-
relations between many of the variables that have been asso-
ciated with compliance in this setting—interrelations which
have not been considered in the traditional, non-network
approaches utilized in prior COVID-19 compliance research.
Although it is not yet clear if the observed associations will
extend to other samples and populations, these observations
do suggest that also there, our understanding of COVID-
19 compliance may be considerably enriched by adopting a
network approach to individual compliance.

More broadly our study has implications for compliance
theory and practice outside of the realm of COVID-19. Here,
our findings fundamentally challenge the existing theoretical
approaches to compliance as proposed in the major families
of compliance research from across the social and behav-
ioral sciences. Individual compliance in the present study
comprises an interplay of variables that defies existing theo-
retical categorization. While the observed network in itself
may not generalize to other samples or settings, this finding
does raise important questions about the tenability of such
narrow conceptualizations of compliance. As noted previ-
ously, other compliance research also provides indications
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that different influences on compliance may not operate
independently from each other and from compliance (e.g.,
Bar-Gill & Harel, 2001; Cialdini et al., 2006; Gneezy et al.,
2011). On the one hand, this may signal a need for novel,
integrative theories based on such observed associations. On
the other hand, a network perspective implies that individual
compliance may be best understood as part of an interrelated
network of variables, which are associated with each other
in complex ways and thus may shape compliance through
multiple pathways. This demands a new view on compli-
ance, rooted in complexity science, which moves beyond
narrow conceptions of this complex phenomenon.

The present study also has methodological implications
for future compliance research. By demonstrating how indi-
vidual compliance in the present empirical setting can be
understood by means of network analysis that integrates
the key theoretical approaches to compliance, our research
provides a template with which compliance can be studied
in other empirical settings. Such studies should strive to
understand individual compliance by mapping relevant con-
cepts from across the major theories: incentives, norms, and
legitimacy perceptions, but also people’s capacity for fol-
lowing the rules and situational opportunities. This may be
expanded with other relevant influences that operate within
particular settings (e.g., compliance management systems,
culture, leadership). Their associations to compliance should
be assessed through a complex systems approach, using for
example network analysis. This will illuminate the complex
network of factors that interact with compliance within this
particular setting. Moreover, understanding such networks
may help to better understand the impact of compliance
interventions, and to uncover novel ways of doing so. Net-
work analysis can show how simulated, targeted interven-
tions may affect a whole range of other variables throughout
the network, and help to predict (direct or indirect, positive
or negative) associations with compliance (Lunansky et al.,
2021). The network approach to compliance moves beyond
the assumption that different compliance variables operate
independently or through simple interactions. Instead, it can
show the complex associations between all relevant vari-
ables and the way that these come to interact with compli-
ance. This points the way to the next frontier in individual
and corporate compliance research, using complexity sci-
ence to start modeling compliance interventions to assess
their effects within the network (e.g., see Henry et al., 2021;
Lunansky et al., 2021; Robinaugh et al., 2016).

These broad implications for compliance theory are also
essential for (corporate) compliance practice. The findings
about individual compliance hold direct relevance for those
studying corporate compliance, as corporate compliance
scholarship uses the same theoretical and methodological
approaches and has not yet developed an integrated view of
how compliance variables interrelate with each other and
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compliance. Our study shows that reliance on interventions
that follow singular theoretical approaches could come with
a high risk of ineffectiveness, and at worst unintended nega-
tive consequences. Thus, a network approach to compliance
can form the basis for improving compliance management
programs and regulatory interventions.

Limitations

Some limitations of this study should be recognized. As a
first limitation, we used self-reported compliance data that
may be subjected to response biases, such as imperfect recall
or social desirability bias (Bauhoff, 2011; Hansen et al.,
2021; Van de Mortel, 2008). However, the finding of high
self-reported compliance is in line with objective mobility
data from the same period (Google, 2020). Also, existing
research shows that there can be strong concordance between
self-reported and objective compliance measures when sur-
veys are utilized (Bachmann et al., 1999; Dieltjens et al.,
2013; Garber et al., 2004; Rauscher et al., 1993; Ridgers
et al., 2012). Furthermore, a recent study found that social
desirability bias did not inflate the estimates of compliance
with COVID-19 measures in online surveys (Larsen et al.,
2020).

Second, our study did not include a representative sam-
ple, and thus is not suitable for inferences about specific
populations (such as that of the Netherlands), or for policy
recommendations. It should be noted, however, that this
was not the purpose of our research. Rather, its purpose was
theoretical and methodological: to understand individual
compliance as part of a complex system of interrelated
variables, and to employ a network approach that can be
used to study this in other (corporate and everyday) settings.
This objective does not require a nationally representative
sample; rather, what it requires is high-quality data: par-
ticipants who pay attention, understand instructions, pro-
vide truthful responses, and provide internally consistent
responses. Research has demonstrated that online crowd-
sourcing platforms are mostly comparable to university
and community samples in these regards (Behrend et al.,
2011; Goodman et al., 2013), and that especially Prolific
(through which our study was conducted) outperforms other
crowdsourcing platforms and research panels (Peer et al.,
2017, 2021). Accordingly, our sample was suitable for our
theoretical and methodological purposes, but should not be
utilized to make inferences about other populations or poli-
cies. This also means, as previously noted, that relationships
observed within the present empirical setting should not be
directly generalized to other (corporate and everyday) set-
tings. Rather, the major recommendation of our work is that
the network approach that we demonstrate here should be
utilized to understand compliance in those settings.
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The network analysis explores relations between vari-
ables, and as such, we cannot make claims about the causal-
ity of relationships. Further research is needed to understand
the direction of the relationships between different compli-
ance mechanisms within our network. Given that the causal
relationship of compliance is hard to study in practice (van
Rooij & Sokol, 2021), experimental approaches that zoom in
on specific associations could be utilized to disentangle this.
Additionally, longitudinal data could shed some light on how
associations in compliance networks may develop over time.
Networks of individual participants that are followed over a
period of time may show unidirectional associations between
compliance and related variables, thereby potentially unrave-
ling mechanisms that influence compliance behavior (see
Bringmann et al., 2013; Epskamp et al., 2018b for methods
to estimate longitudinal networks).

Conclusion

The results of this study point to a new complexity science
research agenda for compliance research, using network
analysis. By studying the compliance networks that occur
in other settings in everyday and corporate life, such research
first can help to illuminate the network of factors that shape
compliance in those settings. Moreover, comparison of com-
pliance networks (for example, using the statistical Network
Comparison Test, Van Borkulo et al., 2022) may also help
to understand how compliance networks may show stabil-
ity or variability across different settings: how differences
between settings, such as between different companies, sec-
tors, countries, or regulatory frameworks, may be reflected
in the way that particular concepts may relate to each other
in the network. Such insight will be of great importance for
the development of novel theories, which take into account
the complex relationships between these concepts, and the
way in which these may vary depending on their context.
In this manner we can go beyond the tunnel vision that
obscures a fuller understanding of the empirical reality of
how different variables come to shape compliance.

Appendix A
Materials

For a complete overview of all survey materials and items,
please see https://osf.io/3x5cq/. Below, we provide a global
description of the variables included in this study. Unless
otherwise specified, mean scores were calculated for all vari-
ables included.

Additional Variables

The following descriptive statistics were recorded: age, gen-
der, employment status, education, social economic status
before COVID-19 (MacArthur Scale of Subjective Social
Status; Adler et al., 2000). Furthermore, participants indi-
cated whether they themselves or anyone they knew had
underlying health issues that would make them more at-risk
for contracting COVID-19. Finally, participants were asked
to indicate their trust in science (on a single item taken from
McCright et al., 2013), and trust in media reporting on a
single item, similar to the item of trust in science.

Compliance with COVID-19 Measures

To assess compliance, we focused on two main COVID-19
mitigation measures: “social distancing” and “stay at home”
measures. Four items (a=0.65) measured whether partici-
pants complied with social distancing measures. For social
distancing, three items were reverse scored. Compliance
with stay-at-home measures was measured using a single
item. Participants answered on a 7-point Likert scale rang-
ing from (1) “never” to (7) “always.” A factor analysis of
the compliance measures resulted in all items loading on
one factor; moreover, the reliability of a combined scale
including both social distancing and stay at home measures
(a=0.68) exceeded that of either measure individually. For
these reasons, all five items were combined into a scale
measure, with higher values indicating greater compliance
with COVID-19 mitigation measures.
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Rational Choice Theories

The mechanisms measured in line with rational choice theo-
ries were the costs of compliance, perceived threat of the
virus, and deterrence. Deterrence was measured on two sub-
scales: certainty of punishment and severity of punishment.

Costs of Compliance Participants indicated on five items
(x=0.74) how likely it was that compliance with the
COVID-19 mitigation measures would have a negative
impact on them (e.g., loss of work, income, or social con-
tacts). Participants answered on a 7-point Likert scale rang-
ing from (1) “extremely unlikely” to (7) “extremely likely.”
A higher score indicated that people thought it was more
likely that COVID-19 measures would have a negative
impact on them.

Perceived Threat Perceived threat was measured using three
items (@=0.76), on which participants indicated to what
extent they believed the Coronavirus was a threat to them-
selves, friends and relatives, or the general public, rated on
a 7-point Likert scale ranging from (1) “very strongly disa-
gree” to (7) “very strongly agree.” Higher scores indicated
higher perceived threat.

Certainty of Punishment Two items each measured the per-
ceived certainty of apprehension and punishment for violat-
ing social distancing measures (@¢=0.72) and stay at home
measures (@=0.81), answered on a 7-point Likert scale
ranging from (1) “extremely improbable” to (7) “extremely
probable.” Because perceptions for social distancing and
stay at home measures were highly correlated, they were
combined into an aggregated scale measure of certainty of
punishment (a=0.80). Higher scores indicated greater cer-
tainty of punishment for violating COVID-19 measures.

Severity of Punishment One item each assessed the per-
ceived severity of punishment for violating social distancing
measures and stay at home measures. Specifically, partici-
pants indicated how much they believed they would suffer
if punished for violating these measures, on a 6-point Likert
scale ranging from (1) “extreme suffering” to (6) “no suf-
fering at all,” reverse coded. Again, the measures for social
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distancing measures and stay at home measures were highly
correlated, and thus were combined into an aggregated
measure (r=0.72, p<0.001), with higher scores indicat-
ing higher perceived severity of punishment for violating
COVID-19 measures.

Social Theories

The mechanism measured in line with social theories was
descriptive social norms.

Social Norms Participants rated to what extent people they
know comply with the COVID-19 measures (one item for
each measure, =0.87), on a 7-point Likert scale rang-
ing from (1) “very strongly disagree” to (7) “very strongly
agree.” Higher scores indicated more compliant descriptive
social norms.

Legitimacy Theories

The mechanisms measured in line with the legitimacy theo-
ries were substantive moral support, including specific moral
alignment and support for current policies, procedural jus-
tice, and obligation to obey the law.

Moral Support Moral support for measures was measured
using two items (r=0.54, p <0.001), on which participants
indicated to what extent they believed people should follow
the COVID-19 mitigation measures, rated on a 7-point Lik-
ert scale ranging from (1) “very strongly disagree” to (7)
“very strongly agree.” Higher values indicated more specific
moral alignment.

Support for Policies Support for current policies was meas-
ured using three items, on which participants indicated to
what extent they supported the authorities in adopting the
COVID-19 mitigation measures, rated on a 7-point Likert
scale ranging from (1) “very strongly disagree” to (7) “very
strongly agree.” Scale reliability was low (a=0.40) as one
item displayed a poor item-total correlation; the remain-
ing two items were strongly correlated, however (r=0.62,
p<0.001). As such, these were combined into a scale meas-
ure, with higher values indicating more support for the
authorities adopting the COVID-19 measures.
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Obligation to Obey the Law Obligation to obey the law was
measured with a single item, “I feel like it is sometimes
okay to break the law”, on a 7-point Likert scale ranging
from (1) “strongly agree” to (7) “strongly disagree.” This
item was created for the current study based on existent
work (e.g., Estévez & Emler, 2010; Fine et al., 2020; Reisig
et al., 2007). Higher scores indicated greater obligation to
obey the law.

Procedural Justice Procedural justice was measured by
adapting instruments for evaluating perceived fairness of
law enforcement (Baker & Gau, 2018; Gau, 2014; Tyler,
1997; Wolfe et al., 2016). Three items measured procedural
justice in creating the COVID-19 mitigation measures, and
four items measured procedural justice in enforcing the
COVID-19 mitigation measures. The items were answered
on a 7-point Likert scare ranging from (1) “very strongly
disagree” to (7) “very strongly agree.” Because the proce-
dural justice perceptions for creation and enforcement were
strongly correlated, all seven items were combined into a
scale measure of perceived procedural justice (a=0.91),
with higher values indicating higher procedural justice.

Capacity Theories

The measures of the theories on capacity to comply were
practical capacity to comply, knowledge of current meas-
ures, perceived clarity of current measures, impulsivity, and
negative emotions.

Capacity to Comply Three items (¢=0.53) measured to
what extent participants are practically able to comply with
the COVID-19 mitigation measures, on a 7-point Likert
scale ranging from (1) “very strongly disagree” to (7) “very
strongly agree.” Higher scores indicated more practical abil-
ity to comply.

Knowledge of Measures Participants were presented with
seven items to assess their knowledge of the COVID-
19 mitigation measures that currently applied to them
(1=yes, 2=no, 3=unsure). As all measures mentioned
in these items were effectively in force within the Nether-

lands at time of the survey, the number of correct answers
(1 =yes) was counted, and used as an indicator of knowl-
edge of current measures, with higher scores indicating
greater knowledge.

Clarity of Measures Furthermore, participants were asked
on one item whether the COVID-19 measures were clear
to them, answered on a 7-point Likert scale ranging from
(1) “extremely unclear” to (7) “extremely clear.” Higher
scores indicated greater clarity of the current measures.

Impulsivity Impulsivity was measured using a subset of
five items (¢ =0.76) taken from the 8-item impulse con-
trol subscale from the Weinberger Adjustment Inven-
tory (WAI, Weinberger & Schwartz, 1990). The items
were answered on a 5-point Likert scale ranging from (1)
“false” to (5) “true.” One item was reverse scored, and
higher scores indicated higher impulsivity.

Negative Emotions Negative emotions due to COVID-19
was measured on six items (@ =0.84) assessing different
negative emotions, rated on a 7-point Likert scale ranging
from (1) “very strongly disagree” tot (7) “very strongly
agree.” Higher values indicated higher negative emotions.

Opportunity Theories

The mechanism in line with opportunity theories was
opportunity to violate.

Opportunity to Violate Five items (a=0.78) measured to
what extent participants had the opportunity in practice to
violate the COVID-19 mitigation measures, on a 7-point
Likert scale ranging from (1) “very strongly disagree” to
(7) “very strongly agree.” Higher scores indicated more
opportunity to violate the COVID-19 mitigation meas-
ures.

Appendix B

See Tables 9 and 10.

@ Springer



. E. Kuiper et al.

498

[9AS] 100 Y} 18 JUBOYTUSIS ST UOTIR[QII0 ). 4
[9A9] GO"(0 9Y3 J& JUBOYIUIIS SI UONB[ALIOD),
166 =N—Anouypy

€00 #5600 %80°0 %600 00— 90°0— #4010~ 000 Y00 #+€1°0 %8070 douerdwo)
#%97°0 90°0 200 %800 %600 00— €00 #L0°0 00— +L0°0 RIPOW UT )SNI],
LO0 100— 90°0 010 100~ 00— LO0 00— €0°0—  QOUdIS urisniy,
#+P1°0 €00 90°0 00— 90°0 #+01°0 #+€1°0 900 Toyio yieeHy
wxL1°0— €00~ #1170~ ¥0°0 €00 L0700 LO0 J19s YiTesH
#+11°0 #5600 #+S1°0 #+C1°0 #+€1°0— €0°0 sds
100-— 90°0 10°0 10— %010 Koty
#xS1°0— #x10°0— %800~  #xST0— 9IS POyIsnoy
#+0€°0 000 ##LE0 pakordug
%60°0 #4CP0 uoneonpy
€0°0 Jopuen
By
BIPAW U ISNI], QOUIDS UT ISnI], JOUJ0 I[eoH J19s yiresy SHS Komuyyg QZIS P[OYasnoy paokordwyg uoneonpy Repnlicly) R

(T9S =N) S9[qeLIBA [O1IUO0D JO SUONEB[ALIOD NB) S [[epusy] 6 d|qel

pringer

Qs



499

A Network Approach to Compliance: A Complexity Science Understanding of How Rules Shape Behavior

%600 90°0—

¥0'0—

S00 200

00 S00—

#xV1°0 %600

#xC1°0

*L0°0—

¥0'0—

#x81°0

900

w710

x80°0

#xV 10—

#xE£1°0

#x91°0

#0010

#6010

%x80°0—

000—

#xV€0

10°0—

S00

#3591

%000

suon
-owo

S00 900—  %L00— 00 #8100 100 oAneSON
An

100— 000— 700 90°0— 100 000 -atspaduy
saIm
-seawt

#xC1°0 xx€1°0 ¥0°0 xxC1°0 %600 00— Jo Aey
saIn
-seaw
Jo a8pa

#x0C°0 200 10°0— *L0°0 #x:L1°0 00 -jmousy]
A[dwoo
0} A)n

%900 xxS1°0 90°0 000 xx01°0 *L00— -oede)
Qonsnl
[eanp

=+ 1°0 #x91°0 000 ¥0°0 ¥0°0 €00~ -9201d
Me[ oY)
£Kaqo 0}

#xL1°0 900 000— %900 #CC 0 100  uonesrqo
Sa10
-110d 10§

000 #+£1°0 00— %800 10°0 §0'0—  woddng
110ddns

x80°0 900 00 #£9€°0 100 [BION
suLou

100 00 00— %800~ [BIO0S
JuaUWIYSI
-und jo

x80°0— 90'0— €00—  Amoadg
JuAWIYSI
-und jo

%000 S00 Ayurerra)
LR )]

#%80°0 PIAIRdISd
Joue
-1idwod

JO 81500

JJe[o1A
0} Kyum
-1oddo

SuonoOwd
QANB3ON

A1 samseaw
-a1sindwy — Jo Kyrer)

soInseowt
Joa3pa Ajdwod 03
-imouy]  Kyoede)

sonsnf
[eanp
-9001d

me|
o) Aoqo
0} uon
-e31190

S0
-110d 10§
y10ddng

Juow juow doue
j10ddns suou -ysmund Jo -ysmund jo jeaIy) -1idwod
[eION [eroos  Amoasg  Aurelro)  poArdrdd  Jo Siso)

(29S =N) so[qeLrea juapuadopur JO SUOT)B[RIIOD NEY S [[EPUSy 0] d|geL

pringer

a's



500

M. E. Kuiper et al.

Table 10 (continued)

Oppor-
tunity to
violate

Negative
emotions

Clarity of Impulsiv-
ity

to comply edge of measures
measures

Capacity Knowl-

Proce-
dural
justice

obey the

Obliga-
tion to
law

Support
for poli-
cies

Perceived Certainty Severity  Social Moral
of punish- of punish- norms support
ment ment

threat

compli-

Costs of
ance
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-0.02 —0.15%*  —0.16%* 0.02 0.02 —0.09%* 0.03 —0.10%*  —0.06 0.02 -0.11** —-0.07*  —-0.06 —08**

Opportu-

nity to

violate

—0.08%*

0.06%*

0.04 0.23%+  —0.01 0.05 0.08%* 0.37%*  —0.05 0.20%* 0.09%* 0.23%%* 0.24%%* 0.08%* —0.10%*

Compli-

ance

*Correlation is significant at the 0.05 level

**Correlation is significant at the 0.01 level
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