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Abstract: The e�ect of social interactions on how opinions are developed and changed over time is crucial to
public processes that involve citizens and their points of view. In this opinion dynamics exercise, we address
the topic of nuclear waste repositories in Switzerland and suggest a more realistic investigation of public opin-
ion using agent-based modeling in combination with empirical data and sociopsychological theory. Empirical
dataobtained fromanonlinequestionnaire (N =841) isused for the initializationof themodel,whoseagentsdi-
rectly represent theparticipants. Weuse social judgment theory (SJT) to describe howopinions canbeadapted
during social interactions, including throughmechanisms of contrast and assimilation. Furthermore, we focus
on the definition of “opinion” itself, claiming that working with disaggregated opinions (i.e., arguments) can
play a determining role if one aims to capture real-world mechanisms of opinion dynamics. Simulation results
showdi�erent patterns for the three di�erent argument categories used for this specific topic (i.e., risk, benefit,
and process), suggesting a mutual influence between an individual’s initial knowledge and evaluations and an
individual’s social dynamics and opinion changes. The importance of content-related and empirical informa-
tion, as well as the theory andmechanisms used in the social simulation, are discussed.
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Introduction

1.1 People discuss their points of view about many topics that a�ect them personally and/or socially. These social
interactions are influenced bymany factors, including prior knowledge, the perception of new information, the
judgment of interacting partners, and the situation inwhich interaction occurs (Martin &Hewstone 2003;Wood
2000; Forgas & Williams 2001). Based on these communications, people form and adapt their opinions. But
how does this work? In this study, we want to address this basic question, focusing especially on the content
and the form of opinions and using empirical evidence and agent-based modeling (ABM) to analyze a part of
the big picture of social interaction.

1.2 We based our investigation on models of continuous opinion dynamics under bounded confidence (De�uant
et al. 2000; De�uant 2006; Hegselmann & Krause 2002; Salzarulo 2006), in which agents gradually adjust their
opinions by comparing them with those of other agents. This repeated averaging occurs within the context of
bounded confidence, by which agents only interact if they are close in opinion to each other.

1.3 An extension of these classical opinion dynamicsmodels includes the implementation of contrast e�ects (Huet
et al. 2008; Dykstra et al. 2013; Jager & Amblard 2005). Contrast e�ects refer to themechanism of shi�ing away
from an advocated position when this position is distant to the receivers’ initial position (see also the Section
on theoretical background). For instance, in the model developed by Jager & Amblard (2005), the inclusion
of contrast e�ects permitted shi�s in opinion and resulted in the emergence of di�erent patterns, including
divergent, convergent, and pluriform distributions.

1.4 Anothermethod of understanding why these phenomena of converging or diverging opinions in social interac-
tion occur relates to social influence in terms of attraction (i.e., homophily) and distancing (i.e., heterophobia)
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(Flache & Macy 2006; Flache & Mäs 2008; Mark 2003; Liu & Srivastava 2015; Macy et al. 2003; Salzarulo 2006).
In fact, in addition to positive influence among social groups (i.e., seeking consensus in interactions), negative
influence (i.e., moving away from others’ opinions in interactions) is also shaping the way in which social in-
fluence occurs. Positive and negative social influences aremainly used in studies that investigate in-group and
out-groupdynamics, aswell as those that examine social dynamics in di�erent cultures (e.g. Axelrod 1997;Mark
1998, 2003; Mäs et al. 2013; Salzarulo 2006). Experimental studies (Mäs & Flache 2013; Takács et al. 2014) have
tested positive and negativemechanisms in social interactions, and their results have revealed the presence of
homophily; however, they have not found supporting results for negative social influence.

1.5 Despite the various successful studies of opinion dynamics, a commonality among thesemodels is the fact that
agents only have their opinions represented as one-dimensional concepts. In such studies, opinions are either
positive or negative, with binary or continuum characteristics (e.g. Latané & Nowak 1997; Weisbuch et al. 2002,
2003). Some scholars have pointed out the necessity of viewing opinions as multidimensional (Urbig & Malitz
2005); however, the lack of empirical data in opinion dynamics remains. In fact, what we learn from these
models about opinion dynamics is o�en presented in artificial, abstract terms. The concrete case may di�er
considerably, and real populations/samples do not always exist in the same homo- or heterogeneous manner,
as arbitrary distributions of agent populations assume. With our contribution, we aim to test what happens
when we fill these data gaps and explore a more realistic model based on empirical data and a specific real-
world issue (related to contested infrastructures).

1.6 Switzerland is currently active in a participatory site selection process for the building of deep geological repos-
itories (DGR) for nuclear waste, and citizens’ opinions are important if the overall support of the population is
to be obtained (Swiss Federal O�ice of Energy 2008). Prior research has shown that there are di�erent opin-
ion types regarding this specific topic, such as extreme opinions (against or in favor) and moderate opinions
(ambivalent or indi�erent) (Seidl et al. 2013).

1.7 Thus, it is important to determine how lay people communicate and adapt their opinions on this topic in the
long term. In fact, whenpeople discuss any issue, what they compare is usually not amean value of their overall
opinion on the discussed topic. What we observe is that people communicate arguments to each other. An
individual’s opinion is not an aggregate; rather, it is split up into subcategories (arguments), which can have
di�erent valences.

1.8 Usually, each individual identifies pro and con arguments in di�erent amounts and ratios depending on the
topic. This is also a reason why moderate opinions (i.e., ambivalence) can occur (see Jonas et al. 2000 for an
overview). The disaggregation of opinions has been inspired by prior work on arguments in opinion dynamic
models.

1.9 For instance, in their paper on multidimensional opinion dynamics, Urbig & Malitz (2005) emphasize the fact
that attitudes aremultidimensional bynature. Theyproposea simple attitudemodelwhere evaluations andas-
sociations regarding theobject are conceivedasdi�erentopiniondimensions. Mäset al. (2013) alsoapproached
multidimensional opiniondynamics andused arguments to represent the elements that formopinions in order
to explain homophily and social influence. These contributions, however, do not include empirical data in their
model dynamics. A successful attempt to include empirical data in multidimensional opinion dynamics was
performed by Mäs & Flache (2013). These scholars tested their hypotheses regarding social influence through
argument communication via a group discussion experiment.

1.10 In line with the e�orts of these prior research contributions, we concluded that in our simulation, the use of
concrete arguments rather than aggregated opinions was the path to follow. Furthermore, we wished to em-
phasize the inclusion of empirical data in the model parameters. We aim to conduct an opinion dynamic exer-
cise that studies argument communication on a specific topic; this examination will be made on the basis of
sociopsychological concepts. The results of this exercise should provide a ground for discussion regarding the
implementation of empirical data into opinion dynamic models with disaggregated opinions. Moreover, this
study will introduce empirical groundings for simulation models of contrast e�ects.

Theoretical Background

2.1 The theoretical pillar for our investigation on opinion changes comes from social psychology. Social judgment
theory (SJT) (Sherif & Hovland 1961) o�ers a good basis for modelers of social simulations (e.g. Dykstra et al.
2013; Jager & Amblard 2005) because it allows for a goodbalance between complexity and simplification (Rails-
back&Grimm2011; Starfield et al. 1990). Ananchorbasedonprior knowledgeandexperienceprovides thebasis
for comparison and places the new information on the social judgment continuum, which also determines the

JASSS, 20(4) 3, 2017 http://jasss.soc.surrey.ac.uk/20/4/3.html Doi: 10.18564/jasss.3492



persuasive power of the message (O’Keefe 1990; Sherif et al. 1965). This social judgment continuum is divided
into three latitudeswith rejection at one extreme, acceptance at the other, and non-commitment in themiddle.

2.2 In this process, people might stumble across perceptual errors explained in SJT as contrast and assimilation
e�ects. A contrast e�ect means that new information that falls within the latitude of rejection is perceived as
more opposed to one’s own attitude (because it is perceived as being further away from one’s own anchor or
point of view) than it really is. An assimilation e�ect means that new information that falls within the latitude
of acceptance is perceived as less opposed to one’s own attitude (because it is perceived as being much closer
to one’s own anchor or point of view) than it really is.

2.3 However, changes in opinion might occur during the second step, in which people adjust their own attitude or
opinion either toward or away from the new information, depending onwhether the new information has been
previously judged as being in the latitude of acceptance, non-commitment, or rejection. If the new information
is judged to be in the latitude of acceptance, the receiver will adapt his or her attitude or opinion1 toward it. If
the opposite occurs (i.e., the new information is judged to be in the latitude of rejection), the receiverwill adjust
his or her attitude or opinion away from that of the other person. In both cases, it is believed that the greater the
discrepancy between opinions, the larger the change. For new information in the latitude of non-commitment,
the common interpretation is that no change occurs (Sherif & Hovland 1961).

2.4 Born as a sociopsychological theory in the 1960s (and being under acknowledged in the last few decades), SJT
has found some recent applications in communication science. Smith et al. (2006) focused their investigation
on the latitude of non-commitment. They found that information presented in social norm campaigns that
fell under the latitude of non-commitment provoked a change in attitude and behavior in the direction of the
presented norm. The latitudes of acceptance and rejection were not compared, which impedes comparison
between these latitudes for possible changes.

2.5 In an experimental study onpersuasion, Park et al. (2007) focused on argument quality and involvement, which
is an additional factor in SJT determining the acceptance or rejection of persuasive messages. They found no
evidence of involvement’s relevance to attitude change. However, argument quality was found to be a deter-
minant of the ability of information to provoke attitude change.

2.6 All in all, the applicability of SJT is yet to be proven in social simulations of opinion dynamics with empirical
cases. In the following section, we will describe our social simulation model, in which we implement SJT and
use empirical data for the investigation of opinion dynamics based on arguments.

Method

Empirical study

Sample

3.1 Our sample comprised 841 participants (43.4% women and 56.6% men) with an age range between 19 and
84 years (M =56.2, SD = 16.86); participants completed the online questionnaire in January of 2014. The
sample participants lived in the German-speaking part of Switzerland, as the potential sites for nuclear waste
repositories are all located inGerman-speaking regions. We recruited the sample in collaborationwith amarket
research institute. This permitted a wide distribution of the questionnaire based on specific quotes aimed at
recruiting a representative sample of the Swiss German-speaking population. Furthermore, the selection of
the final sample was directly linked to the quotes and to the completeness of the responses; this allowed us to
obtain a complete data set without missing values.

Questionnaire

3.2 A short factual description of the topic of nuclearwaste in Switzerland and the ongoing repository site selection
process introduced the participants to the online questionnaire. In the first part, ten arguments related to this
topic were to be evaluated on (a) a valence scale, asking participants if, in their opinion, the argument was
in favor of or against a DGR on a seven-point Likert scale (from “totally against” to “totally in favor”), with the
option of an “I don’t know” answer, and on (b) an importance scale, asking the degree of importance theywould
attribute to each argument on a seven-point Likert scale (from “not important at all” to “very important”).

JASSS, 20(4) 3, 2017 http://jasss.soc.surrey.ac.uk/20/4/3.html Doi: 10.18564/jasss.3492



3.3 Of the ten arguments, four focused on the risks of a DGR (e.g., “A deep geological repository would represent a
health risk”), four on the benefits of a DGR (e.g., “A deep geological repository would create new and lasting job
opportunities in the region”), and two on the ongoing site selection process (e.g., “The communication during
the site selection process should be transparent”) (see Table 1).

3.4 The decision to include the dimensions of risk and benefit was made in order to ascribe to classical research
on contested technologies and infrastructures (e.g. Slovic 1972). The focus lies in the evaluative aspect of cer-
tain attitudes toward, for instance, nuclear issues, which in many studies is described as the risk and benefit
perception (e.g. Poortinga & Pidgeon 2006; Visschers &Wallquist 2013). However, concerning the specific issue
of nuclear waste in relation to its political process, procedural aspects should also be taken into consideration.
Factors such as fairness and transparency have been described as fundamental to the participatory processes
of contested infrastructures (Krütli et al. 2012). Therefore, we included in our questionnaire the dimension of
process, which refers to the procedural aspects of the site selection process in Switzerland.

3.5 A�er the evaluation of the ten arguments, we measured the social judgment continuum of the participants
for each argument. For this purpose, we used an adapted measurement called the ordered alternative scale
(OAS) (Sherif & Hovland 1961; Sherif et al. 1965; Smith et al. 2006). The adaptation of the original measurement
rooted in the studies on conception measurements (see Jackson 1960) was necessary for the best implemen-
tation in the ABM2. In our online questionnaire, participants had to sort the ten arguments on a three-point
scale from “objectionable” to “acceptable,” with a neutral position “neither acceptable nor objectionable.” This
neutral position represented arguments in the latitude of non-commitment. The arguments reported as being
objectionable were represented in the latitude of rejection, and arguments reported as being acceptable were
represented in the latitude of acceptance.

Results

4.1 The results of theevaluationsof theargumentsaredepicted inTable 1. As expected, benefit-orientedarguments
were rated as more favorable to DGR in Switzerland (valence). The process-oriented arguments were rated as
the most favorable and themost important among the sample. The importance ratings show higher values for
risk-oriented arguments than for benefit-oriented arguments.

Arguments Valence Importance

M SD M SD

More working places (BO) 5.0 1.60 4.1 1.75
Better infrastructure (BO) 4.3 1.81 3.8 1.68
Lower taxes for citizens (BO) 4.6 1.80 3.8 1.84
Sustainable development in the region (BO) 4.0 1.78 3.8 1.69
Environmental damages (RO) 3.3 1.92 4.8 1.87
Transport accidents (RO) 3.8 1.89 4.8 1.83
Health risk (RO) 3.3 1.87 4.8 1.90
Later generations reach into the repository (RO) 3.1 1.79 4.2 1.99
Fairness of the political process (PO) 6.1 1.31 6.0 1.38
Transparency of the communication process (PO) 6.2 1.27 6.1 1.30

Table 1: Descriptive statistics for the valence and importance of the ten arguments. Note. RO = risk-oriented
argument; BO = benefit-oriented argument; PO = process-oriented argument.

4.2 For the computation of the scales (see Sections 5.3-5.6), we ran a factor analysis (FA) on the ten arguments
both for the valence and importance dimension. Results of the FA showed a three-factor solution, which was
consistent with the argument types defined as risk-, benefit-, and process-oriented. Each scale represented the
mean values for valence and the importance of the arguments by type (see Table 2).
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Scale Valence Importance

M SD M SD

Benefit-scale 4.5 1.75 3.9 1.74
Risk-scale 3.4 1.87 4.7 1.9
Process-scale 6.1 1.29 6.1 1.34

Table 2: Descriptive statistics for the valence and importance of the ten arguments. Note. RO = risk-oriented
argument; BO = benefit-oriented argument; PO = process-oriented argument.

Agent-Based Model

5.1 Forour simulation,weusedanagent-basedmodel (ABM)anddescribed itby following theODD-protocol (Grimm
et al. 2010; Müller et al. 2013). In the following sections, we will only illustrate the protocol subsections relevant
to our ABM.

Purpose

5.2 The purpose of our ABM was to investigate the mechanisms of opinion dynamics over time on the basis of the
assumptions of SJT and arguments related to the specific issue of DGR. The paired agents in themodel interact
unidirectionally, compare argument-scales, and adapt them (or not) depending on the position of each argu-
ment on their own social judgment continuum (see the input data section). Based on the simulation output,
we will be able to draw conclusions regarding the applicability of SJT, the di�erentiation of opinions into argu-
ments for opinion dynamics simulations, and the utilization of empirical data for simulation purposes.

Entities, state variables, and scales

5.3 Themodel consists of 841 agents representing Swiss citizens. The argument valuesAi taken from the empirical
study have been computed as the product of valence ratings Vi [-1, 1] and importance ratings Ii [0, 1]. The
mean values of the arguments belonging to the same category (i.e., risk, benefit, and process) resulted in the
argument scalesSx, wherex is the related category, assuming values between -1 and 1 (see Figure 1). Therefore,
each agent T possesses a set of three argument-scales Sx computed as the mean of the argument values Ai

belonging to each category x.

5.4 The agents’ profiles were completed using information about the distribution of latitudes (i.e., rejection, non-
commitment, and acceptance) for each of the three argument scales Sx on the social judgment continuum
SJCx of each agent (see Figure 1, step 1 on the right). This information has beendirectly implementedusing the
empirical data that measured the distribution of latitudes (i.e., OAS measurement, see section questionnaire
for more details).

5.5 This data has been computed as a probabilistic distribution on the social judgment continuum SJCx (see Fig-
ure 1, step 2 on the right). This means that for each scale, a minimal probability of p = 0.25 (p = 0.5 for the
process scale) was multiplied by the number of entries for each latitude. As an example: if, for the risk scale,
Participant i reported two arguments in the latitude of rejection (Lay = 1), one argument in the latitude of
non-commitment (Lay = 2), and one argument in the latitude of acceptance (Lay = 3), the social judgment
continuum for the risk scale SJCrisk i would comprise the probabilities [0.5; 0.25; 0.25].

5.6 Each interaction between all pairs of agents randomly chosen from the social network is represented by a one-
time step t. Time in the model was thus a discrete measure and did not represent a real time interval.
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Figure 1: Transformations of arguments to scales and latitudes to social judgment continua. This empirical data
is used as input data in the model (see the questionnaire and input data section).

Process overview and scheduling

5.7 The simulation world consisted of a 29 x 29 two-dimensional grid with wrapped boundaries (i.e., all agents
are interconnected) based on a Moore neighborhood (i.e., eight neighbors for each agent). This type of social
network and the number of links for each agent was selected based upon empirical information (73.2% of the
participants reported having interactions with between one and eight persons about DGR). Because spatial
representation was not a focus in our study, the Moore neighborhood was assumed to be a good compromise
to facilitate simple, readily explicable dynamics. It should be noted that the implementation of more complex
social networks (i.e., smallworlds, preferential attachments, etc.) and the inclusionof agent characteristics that
can be attributed to the social dynamics of di�erent groups have been explicitly omitted. With the exception
of general interaction frequency, we do not have empirical information about the network itself (i.e., to whom
people may talk and how o�en they do so). To assume other mechanisms based on arbitrary assumptions
would have been beyond the scope of this exercise.

5.8 Asdescribed inFigure2, at each timestep t, eachagent randomly choseaneighbor fromthe social network. The
one-directional interaction (meaning that only the interacting agent Ta could adapt its argument-scale value
Sx) started with the comparison of a similar argument-scale Sx.
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Figure 2: Flowchart of the interaction between two agents. Each scale (RS = risk scale, BS = benefit scale, PS =
process scale) is sequentially compared within each time step. The interaction is represented in the gray field
(adapted from Stefanelli & Seidl 2017.

5.9 The choice of the latitude to use in the comparison for each agent and each argument-scale depended on a ran-
dom process using the probabilistic distributions of the social judgment continuum related to each argument-
scaleSJCx. The occurrence of an adaptationdirectly dependedon the chosen latitude type andon the valence
of the compared argument-scale values Sxa and Sxb (i.e., positive or negative).

5.10 If the latitude for the chosen argument-scale was in the latitude of non-commitment, no adaptation occurred.
The argument-scale value Sxa of the interacting agent Ta remained unvaried, and Ta moved on to the next
argument-scale.

5.11 An adaptation for agent Ta would only occur if the latitude for the chosen argument-scale was in the latitude of
rejection or acceptance. Based on the general quadratic functions (see functions 1 and 2) and depending on the
latitude (see Tables 3 and 4), the argument-scale value Sxa was permitted to shi� up or down to amaximum of
1 or aminimumof -1. The quadratic term in function 1 leads to an asymptotic approach to the extreme positions
so as to best represent the two e�ects of contrast and assimilation described in SJT (see Section 2).

5.12 The constant s set at s = 0.01 slowed down the speed of change in the argument-scale values (see also Jager &
Amblard 2005). This facilitates better observation during the simulation andbetter reflects the generally slower
changes in people’s opinions in the real world.

f(x) = ±(xs × s)→ f(x) = ±(S2
xb × s) (1)

Sx(t+1) = Sxa(t) ± y → Sxa(t+1) = Sxa(t) ± (S2
xb × s) (2)
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Latitude of acceptance Sxb

+ -

Sxa
+ Sxa(t+1) = Sxa(t) + (S2

xb ∗ s) Sxa(t+1) = Sxa(t) − (S2
xb ∗ s)

- Sxa(t+1) = Sxa(t) + (S2
xb ∗ s) Sxa(t+1) = Sxa(t) − (S2

xb ∗ s)

Table 3: Formulae used when the latitude of acceptance has been chosen for the compared argument-scale.
Note: Sxa = argument-scale value for category x of agent Ta (positive or negative), Sxb = argument-scale
value for category x of agent Tb (positive or negative), t = time step in the model, and s = speed of change
constant (s = 0.01).

Latitude of rejection Sxb

+ -

Sxa
+ Sxa(t+1) = Sxa(t) − (S2

xb ∗ s) Sxa(t+1) = Sxa(t) + (S2
xb ∗ s)

- Sxa(t+1) = Sxa(t) − (S2
xb ∗ s) Sxa(t+1) = Sxa(t) + (S2

xb ∗ s)

Table 4: Formulae usedwhen the latitude of rejection has been chosen for the compared argument-scale. Note:
Sxa = argument-scale value for category x of agent Ta (positive or negative), Sxb = argument-scale value for
category x of agent Tb (positive or negative), t = time step in the model, and s = speed of change constant
(s = 0.01).

5.13 Agent Ta exits the interaction as soon as every argument-scale has been compared and its value Sxa has been
updated. For the next time step, another neighbor agent Tb is chosen from the social network, and agent Ta

begins the same interaction process again.

Design concepts – Implementation and initialization

5.14 The model was implemented in the freely available, multi-agent, programmable modeling environment NetL-
ogo 5.0.3 (Wilensky 1999).

5.15 During the initialization, every agent profile was sequentially built upon the following empirical information
about its state variables:

• values for each argument-scale (Sx) were computed as the mean of the argument-values Ax and the
argument-valuesAx were computed as the product of valence Vx and importance Ix and

• the probability for every latitude (i.e., latitude of rejection, acceptance, or non-commitment) of location
in each of the three social judgment continuum SJCx related to a category x.

Input data

5.16 The input data for every variable described above consisted of the empirical data froman online questionnaire.
This investigation was conducted in January, 2014 in the German-speaking part of Switzerland. Thus, at the
beginning of the simulation, every agent directly represents one of the participants of the online questionnaire.

Results

5.17 We ran several prior sensitivity analyses using our model in order to define a level of stability and to ensure
the robustness of the parameters (the simulation was run over 2000 time-steps). Examining the number of
runs, the model showed relatively stable patterns at approximately 500 time-steps. A�er more than 500 time-
steps, the change was negligible and no significant deviations or emerging patterns were detected; thus, we
decided to adopt this figure as the maximum number of interactions for the purposes of our study. This would
represent each individual (i.e., agent) having 500 interactions with other people, which is apparently a great
deal of interaction. However, wemust bear inmind that the process of DGR takes several decades to complete;
therefore, discussions regarding this issue could realistically entail such a large number of interactions.
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5.18 To test the parameters, we primarily focused on the trajectories of the latitudes to see if the changes in the
argument-scale values directly depended on the latitudes. This means that for each argument-scale, only one
distribution of the latitudes was taken sequentially, without allowing for changes during the simulation in the
first place (no random choice based on the probabilistic distribution). Di�erent runs showed that the trajecto-
ries did depend directly on the latitudes and not on random e�ects not defined in the model.

Results among the entire sample

5.19 If we consider the entire sample of 841 agents, the runs on the three di�erent argument-scales (considering the
individual social judgment continuum for each agent) showed di�erent pictures for all three scales3.

5.20 In our sample, the participants (and thus the agents in the model) varied in their evaluations of the risk-scale,
showing di�erent initial states along the continuum from absolutely against to absolutely in favor of (Figure 3).
We observed a huge variance in the scale-values over the course of the simulation, with a minor tendency to
converge on the low extreme of -1 and a di�usion in the middle part. This heterogeneity is also noticeable in
the social judgment continuum, resulting in high variance during the simulation exercise. We also noted very
di�erent trajectories for the agents (each represented by a curve in the graph), showing that they adapted their
values in di�erent ways, without a clear general tendency.

Figure 3: Trajectories of the risk-scale values over 500 time steps for the entire sample (N = 841).

5.21 The benefit-scale produced a similar yet horizontally flipped picture of the scale-values in the simulation (Fig-
ure 4). The agents possess more heterogeneous initial values compared to those of the risk-scale, which con-
verge to the neutral position with a slight positive tendency. Hence, the lower part (benefit-scale as arguments
against aDGR) is less represented, andwenoted only a small percentage of the sample in the lower part. During
the simulation,wealsonotedmore stable trajectories for theagents in themodel than for those in the risk-scale,
with distinguishable tendencies. It appears that agents starting with positive values tended to adapt towards
more positive values, whereas agents starting with negative values tended to adapt toward more negative val-
ues. Additionally, we noted a remarkable number of agents in the middle section, showing stable trajectories
and indicating a less prominent adaptation of their scale-values over time.
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Figure 4: Trajectories of the benefit-scale values over 500 time steps for the entire sample (N =841).

5.22 Finally, the process-scale shows a tendency toward a high degree of consensus that occurs significantly more
rapidly than in the other two scales (Figure 5). We can observe that already a�er the first 200 interactions,
process-scale agents began to converge to the upper limit of 1. Only a small subset of agents shows either no
significant change over the interactions or a falls towards the negative limit of -1. This is related to the initial
state values almost exclusively represented in the positive segment, already showing a favorable evaluation of
this scale. The rapid adaptation towards a positive consensus is also triggered by a high representation of the
social judgment continuum, entailing almost the latitudeof acceptance among the agents (seebelow, Figure 7).
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Figure 5: Trajectories of the process-scale values over 500 time steps for the entire sample (N =841).

Results among subgroups of the entire sample

5.23 To allow for a better comprehension of these graphs, we decided to divide each scale into the di�erent social
judgment continua. We divided the sample into groups whose members reported the same latitude distribu-
tions in each scale. As an example, Figure 7 illustrates in greater detail the grouping of the sample for the risk
scale. We subsequently obtained 15 di�erent cases for both the risk and benefit scales (3 latitudes x 4 argu-
ments) and six cases for the process scale (3 latitudes x 2 arguments). In Figure 7, the cases are described and
provided alongwith the percentage of agentswho share the same social judgment continuumacross the entire
sample.

Figure 6: A detailed description of the process of splitting up the scales into cases. Example refers to the risk
scale. Note: Rej = Latitude of rejection; N-Com = Latitude of non-commitment; Acc = Latitude of acceptance.
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Figure 7: A visual representationof cases for the social judgment continuumfor the three scales. Near thegraph,
tables shows the percentage of the sample for each case.

5.24 In dividing the sample into subgroups of agents who share the same social judgment continuum (cases), we
observed di�erent stylized facts related to this cases. For example, the distribution of the cases among the
scales is quite di�erent. The largest di�erence is observed in the process scale, which clearly indicates a skewed
distribution. Only a fewparticipants reported both process arguments to be in their latitude of rejection (0.6%),
whereas themajority (72.5%) reported both arguments to be in the latitude of acceptance. The risk scale shows
that half of the sample participants (50.3%) reported a latitude of rejection that fell within the scale, at least to a
probability of p =0.5 (which indicates that at least twoof four argumentswere reported to exist in this latitude).
For the benefit scale, however, this was the case for only 29.6% of the sample. Conversely, the probability of an
individual having at least p =0.5 of their arguments fall within the scale reported in the latitude of acceptance
is similar for both the risk scale (32.5%) and the benefit scale (35.1%).

5.25 Shi�ing the focus to thedynamics in the simulation,we take themost extremecases for every scale as examples
of thedi�erent trajectories in order to relate themto the initial values. Cases 1 and 15wereused for the risk-scale
(17.5% and 9.3%, respectively) and the benefit-scale (9% and 9.9%, respectively), and case 6 was used for the
process-scale (72.5%). We omitted case 1 for the process scale because of the underrepresented sample (0.6%).
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Figure 8: Diagrams of scale-value changes over 500 time steps, divided into scales and cases: A: benefit-scale,
case 1; B: risk-scale, case 1; C: benefit-scale, case 15; D: risk-scale, case 15; E: process-scale, case 15.

5.26 For case 1 (in which the probability for the latitude of rejection in the social judgment continuum equals 100%)
we see amajor di�erence in the dynamics if we compare the risk-scalewith the benefit-scale. The values for the
risk-scale in case 1 (see Figure 8B) presentmuchmore variability and less consensus than those for the benefit-
scale. Both extreme values of -1 and 1 are reached, and the dynamics of value adaptations do not show any
clear tendencies over time. Even if the social judgment continuum is the same for all agents represented in the
graph, a clear relationship among the starting values, the adaptations, and the social judgment continuum is
absent.

5.27 The benefit-scale (see Figure 8A) in case 1 shows more homogeneous starting values and presents a clear ten-
dency in the dynamics. The direction of the dynamics is either negative (reaching the extreme of -1) or more or
less stable over time (di�using the scale-values over thenegative spectrum). No changes are visible in theupper
positive space of the graph. It seems that agents with prevailing rejection tendencies in their social judgment
continua also rate benefit-related arguments as being against a DGR.

5.28 For case 15 (in which the probability for the latitude of acceptance in the social judgment continuum equals
100%) di�erences between the risk-scale and the benefit-scale are visible again. For the risk-scale in case 15
(see Figure 8D), we observe a variability in both the dynamics and in the starting values. Even though there is a
tendency for a convergence to the extremevaluesof -1, the trajectories areof di�erent speeds and in somecases
are also of di�erent directions (stable or towardsmore positive values). Again, no clear relationship among the
starting values, the adaptations, and the social judgment continuum is present.

5.29 The benefit-scale in case 15 (see Figure 8C) presents more homogeneous values at the start of the simulation
than the risk-scale. Almost all agents’ initial values cover the entire positive spectrum, meaning that those
agents see the benefit-scale as representing arguments in favor of a DGR. Except for a few outliers, the dynamic
is rather stable, with a tendency toward the positive extreme of 1. Thus, a�er the 500 time steps in the simula-
tion, we notice a slightly stronger consensus toward a favorable position.

5.30 Concerning the similar case for the process scale (i.e., case 6, the same social judgment continuumwith a 100%
probability of acceptance) we observe a strong representation of the initial values in the positive half of the
spectrum (see Figure 8E). Moreover, the dynamics are very fast, all in the same direction (positive), and reach
consensus in the upper extreme of 1 a�er around 100 interactions. That is, agents rapidly accept the process-
related arguments to be in favor of a DGR.
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Discussion

6.1 The simulationbasedonempirical data fromanonlinequestionnaire aboutDGR inSwitzerlandprovides insight
regarding the structure of opinions in a context-specific opinion dynamic exercise. The opinion structure is dis-
cussed in termsof theprocess of opiniondisaggregation into arguments (empirical basis) andof disaggregation
into scales representing di�erent categories of arguments. Our results show di�erent patterns depending on
these categories.

6.2 We adapted prior models of opinion dynamics based on SJT and contrast e�ects by allowing for individual
di�erences and variations in the latitudes during the simulation, as well as by including real empirical data,
which facilitates a content-based simulation related to a specific topic.

6.3 Summing up the results, we can observe amutual influence between individuals’ current knowledge andwhat
they value (initial state) and how they evaluate new information (dynamics). However, it is important to note
the large di�erences among the scales in this respect.

6.4 This suggests that not only do dynamics and the initial values play a role in the simulation but the content-
relatedpart is also very important. We see, basedonour results, that the risk categoryhas amuchmoredi�used
dynamic compared to theother twocategories (i.e., thebenefit andprocess categories). In addition, theprocess
category has the most rapid adaptation toward a positive consensus among the other categories (i.e., the risk
and benefit categories).

6.5 This indicates that thedynamicsover timedependon thecategoryof anargument. This categorymaybevalued
di�erently for di�erent topics. Thus, thepatternof risk/benefit/process ismost likely linked to the topic at hand.
We assume that a very di�erent pattern and set of related dynamics would exist for more controversial topics,
such as the fair distribution of refugees from Syria. In this case, for instance, the salience of the topic and the
almost constant media coverage might provide di�erent sources of information and could a�ect the way in
whichnew information is beingprocessed, considering also the cultural issues at hand (see e.g. González-Avella
et al. 2007). It could be plausible to have higher importance ratings that lead to stronger and more polarized
positions (as the valence of arguments is weighted in opinion communication). Furthermore, the debatewould
focus on specific arguments that could be related to other categories, such as values or ethics. It is therefore
advisable to study the topic carefully and to derive assumptions that are possibly based on empirical evidence.

Why not (only) psychology?

6.6 Studying human behavior and cognition is commonly related to the social sciences – such as psychology and
sociology, as well as neuroscience and biology – with their respective established methods. So, why should
scientists bother to invest time in simulation models to better understand human cognition and behavior?

6.7 Observing most social and psychological phenomena, we can state that they are not the results of behaviors
and/or cognitions performed by individuals alone. As social beings, people interact with, learn from, and are
influencedby eachother. People repeatedly interact andhencebuild their opinions, enhance their experiences,
andmake decisions.

6.8 Yet, domains such as social psychology use suboptimal theory-building and modeling techniques to capture
dynamic processes related to social interactions (Smith & Conrey 2007). Social simulations can help overcome
these shortcomings (Squazzoni et al. 2014). However, it is important to acknowledge the importance of keeping
the investigations near to the realworld. Thismeans that empirical information shouldbe incorporated into the
models along with theories.

6.9 With our contribution, we provide an example of how this combination can be performed. Sociopsychological
theories can be used in empirical investigations and can be translated into codes for computer simulations.
Working with these assumptions using empirically-based generated populations of agents can enable a di�er-
ent perspective, which is very helpful in attempting to comprehend thematic social dynamics (Jager 2017).

Why should social simulations incorporate real data, theories, and specific topics?

6.10 Our contribution aims to accomplish the following goals. We seek to:
1. operationalize a sociopsychological theory,

2. find a traceable compromise between very abstract models and very case-specific models to facilitate
the investigation of a specific problem, and
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3. include real data in order to better match real world opinion communications.

6.11 Concerning point 1, we can conclude from our examination that SJT applies well to simulation studies. It al-
lows researchers to capture structural information about individuals’ cognitions, provides a way to implement
an algorithm that describes social interaction and attitude changes, and captures specific e�ects such as as-
similation and contrast. However, we should note that from a sociopsychological perspective, the theory is not
perfectly grounded and has not been put forward in empirical investigations (e.g. Eagly & Telaak 1972; Hovland
et al. 1957).

6.12 Obviously, thereareother theories thatexplaincognitivemechanisms related topersuasionandattitudechange
in greater detail. Themore popular dual-systemmodels, such as the elaboration-likelihoodmodel (ELM) (Petty
& Cacioppo 1986) or the heuristic-systematicmodel (HSM) (Eagly & Chaiken 1993) have attracted a great deal of
attention and have beenwidely studied in psychology (for an overview, see Evans 2008). In addition, the social
simulation community has successfully implemented thesemodels, albeit with considerable e�ort (e.g. Mosler
et al. 2001).

6.13 Nonetheless, the complexity of the latter models restricts the inclusion of empirical data into simulations. Our
conclusion is that, in order to better comprehend social interaction and attitude change, onemust find the best
possible compromise between a suitable theory, a comprehensible model, and empirical information. More-
over, especially for attitude change and persuasion mechanisms, there is still an ongoing debate surrounding
the establishment of a standard in social psychology (Evans 2008). Thismeans that there is not one theory one
must apply, but several more or less suited for the case at hand.

6.14 Referring to point 2, our contribution can be seen as a meso-level approach to the investigation of opinion
dynamics. This refers to the multidimensionality of attitudes (e.g. Urbig & Malitz 2005), which claims that an
opinion should not be seen as a single general variable, but rather should bedivided to the best degree of disag-
gregation in order to capture di�erences among the real content of what we call “opinions.” The “best degree,”
however, is not evident from the case but instead results fromexperiencewith thismeso-level approach, which
is currently seldom applied. This refers again to the more general issue of complexity and simplification when
it comes to social dynamics, and as scientists wemust face the fact that we cannot have a perfect model:

“No one knows precisely the dynamics of a single individual, nor the way he interacts with others.
Moreover, even if one knew the very nature of such dynamics and such interactions, they would be
much more complicated than, say, the forces that atoms exert on each other. . . .Therefore, any mod-
eling of social agents inevitably involves a large and unwarranted simplification of the real problem.
It is then clear that any investigation of models of social dynamics involves two levels of di�iculty.
The first is in the very definition of sensible and realistic microscopic models; the second is the usual
problem of inferring the macroscopic phenomenology out of the microscopic dynamics of such mod-
els. Obtaining useful results out of these models may seem a hopeless task.” (Castellano et al. 2009,
p. 592)

6.15 To provide some hope, we assume that a meso-level approach can provide relevant benefits for the investi-
gation of social interaction and opinion dynamics, instead of focusing either on realistic microscopic models
that are di�icult to generalize or on macroscopic models, which are usually too abstract and out of touch with
reality.

6.16 We are of course aware of the fact that these types of model (such as the one in this contribution), compared
to works for instance by Hegselmann & Krause (2002), may appear “messy” in their results and lack the beauty
of the moremathematically exact models. However, as well-done and interesting as suchmodels are, they are
devoid of empirical application. As long as we do not apply models to simulate real world opinion dynamics
on actual topics, the contribution of social simulation to, for instance, social or environmental psychological
research is unclear. Of course, one can learn from the results – for example by gathering stylized facts derived
from random distributions as input variables – and find applications from empirical cases.

6.17 However, wenoted that to someextent, themeso-level between fully empirically grounded simulations (Tobias
2009) and very abstract simulations is missing (for physics-based simulation models, see Sobkowicz 2009).
This is obviously because such meso-level simulations are di�icult to execute and yield “messy” results. More
research and simulation studies are definitely needed to gain more experience and further test the value of
empirically-based agent-basedmodels of opinion dynamics.

6.18 This leadsus topoint 3,whichhighlights themeaningfulnatureof gatheringandusingempirical data for simula-
tion purposes. Our study provides an example of howmultidimensional opinion dynamics can be investigated
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on the basis of empirical data that concerns a specific real-world problem. Though limited by the study design,
when considered in conjunction with previous research on the topic of nuclear waste, we find that it is not nec-
essarily whole opinions that are communicated between people; rather, people communicate various types of
arguments (i.e., the di�erentiation of issues within an opinion). Thus, in the context of modeling and the simu-
lation of opinion dynamics, heterogeneity with respect to the arguments and their latitudes of acceptance and
rejection is of great importance. As stated above, we assume that similar studies on other topics may reveal
diverse risk-benefit-process patterns and that simulation of opinion dynamics should consider this.

6.19 This insight becomes meaningful if we want to investigate the societal response to complex issues, such as
contested infrastructures or other controversial topics that entail risks and benefits and in which the fairness
of the process plays a role. From our experience in the domain of nuclear waste and a�er this combination of
empirical information with a social simulation model, we conclude that a di�erentiation between short- and
long-term social discourses should be considered.

6.20 Regardless, social interaction is relevant to such debates about contested topics. Besides the more method-
ological struggle related to social simulations and empirical investigations discussed above, the subjectmatter
of an issue plays a crucial role in how we formulate our hypotheses about said issue. Short-term social discus-
sions – such as those surrounding political elections or the migration crisis – can o�er more detailed insights
into social interactions. This is related to the usually high salience of those topics in the public and the media,
and a relatively manageable timespan. In these cases, one could build a simulationmodel and initialize it with
empirical data based on diary studies, which would allow for more detailed parameters and dynamics.

6.21 However, additional work is required to establish a focus on more long-term topics such as the location of nu-
clear waste repositories, renewable energy transitions, and climate change. In these debates, people are not
confronted with the topic on a daily basis. The processes themselves typically encompass several decades
prior to the development and communication of concrete decisions that might a�ect the population. Reliable
information about, for instance, the frequency of social interaction concerning this specific topic is di�icult to
gather. Monitoring would make sense at least for short-term interaction patterns. However, such studies are
demanding in terms of the costs and time required for long-term processes, and major process steps usually
occur only once per year. Thus, the time perspective is typically not clear or manageable, which impedes the
collection of fully satisfactory empirical data onpersonal evaluations (e.g., about the risks andbenefits to study
participants).

Conclusion

7.1 Basedonour simulation exercise, the empirical data gathered, and the results related toboth thedynamics and
the context of the study, we claim that there is more need for social simulations addressing concrete topics. It
is highly important to find a good balance between empirical details and modeling abstractions and to strike
this balance on a content-specific level. In fact, speaking about opinion dynamics, one should first define what
“opinion” means for the purposes of a given study.

7.2 The complexity and the e�ort of combining empirical information with cognitive theories and of relating them
to concrete topics in a social simulation model is very demanding. However, we claim that the insights gained
from such e�orts could significantly contribute to the implementation of new policies and the building of new
infrastructures.

Notes

1The terms “attitude” and “opinion” are o�en interchangeably used in the literature. In our understanding
and for the purpose of the study, we define both as overt evaluations – made up of a�ective and cognitive
elements – of a target or an object (for an overview, see Maio & Haddock 2010).

2TheoriginalOAS, developed to assess an individual’s judgment onone issue, comprised a set of statements
(usually nine) representing di�erent points of view on a defined issue, arranged from one extreme to the other
(Sherif & Hovland 1961). The adaptation in our investigation was that the statements would be represented by
the ten arguments on the issue of DGR in Switzerland. Even though we do not have a clear ranking from one
extreme to the other, we can confidently assume that we covered the full range of arguments for this specific
issue based on prior research (Seidl et al. 2013).

3The results displayed for the entire sample (this section) and those displayed for the subsamples (see Sec-
tions 5.23-5.30) are based on the mean data computed over 10 simulation runs.

JASSS, 20(4) 3, 2017 http://jasss.soc.surrey.ac.uk/20/4/3.html Doi: 10.18564/jasss.3492



References
Axelrod, R. (1997). The dissemination of culture: Amodel with local convergence and global polarization. Jour-
nal of Conflict Resolution, 41(2), 203–226

Castellano, C., Fortunato, S.&Loreto, V. (2009). Statistical physicsof social dynamics. ReviewsofModernPhysics,
81(2), 591–646

De�uant, G. (2006). Comparing extremism propagation patterns in continuous opinion models. Journal of
Artificial Societies and Social Simulation, 9(3), 8

De�uant, G., Neau, D., Amblard, F. &Weisbuch, G. (2000). Mixing beliefs among interacting agents. Advances in
Complex Systems, 3(01n04), 87–98

Dykstra, P., Elsenbroich, C., Jager, W., de Lavalette, G. R. & Verbrugge, R. (2013). Put your money where your
mouth is: DIAL, a dialogical model for opinion dynamics. Journal of Artificial Societies and Social Simulation,
16(3), 4

Eagly, A. H. & Chaiken, S. (1993). The Pscyhology of Attitudes. New York, NY: Harcourt Brace Jovanovich

Eagly, A. H. & Telaak, K. (1972). Width of the latitude of acceptance as a determinant of attitude change. Journal
of Personality and Social Psychology, 23(3), 388

Evans, J. S. B. T. (2008). Dual-processing accounts of reasoning, judgment, and social cognition. Annual Review
of Psychology, 59, 255–278

Flache, A. & Macy, M. W. (2006). Why more contact may increase cultural polarization. arXiv preprint
physics/0604196

Flache, A. & Mäs, M. (2008). How to get the timing right. A computational model of the e�ects of the timing of
contactson teamcohesion indemographicallydiverse teams. ComputationalandMathematicalOrganization
Theory, 14(1), 23–51

Forgas, J. P. &Williams, K. D. (2001). Social influence: Introduction and overview. In J. P. Forgas & K. D. Williams
(Eds.), Social Influence: Direct and Indirect Process, (pp. 3–24). Philadelphia, PA: Psychology Press

González-Avella, J. C., Cosenza, M. G., Klemm, K., Eguíluz, V. M. & San Miguel, M. (2007). Information feedback
andmass media e�ects in cultural dynamics. Journal of Artificial Societies and Social Simulation, 10(3), 9

Grimm, V., Berger, U., DeAngelis, D. L., Polhill, J. G., Giske, J. & Railsback, S. F. (2010). TheODDprotocol: A review
and first update. Ecological Modelling, 221(23), 2760–2768

Hegselmann, R. & Krause, U. (2002). Opinion dynamics and bounded confidencemodels, analysis, and simula-
tion. Journal of Artificial Societies and Social Simulation, 5(3), 2

Hovland, C. I., Harvey, O. J. & Sherif, M. (1957). Assimilation and contrast e�ects in reactions to communication
and attitude change. Journal of Abnormal and Social Psychology, 55(2), 244

Huet, S., De�uant, G. & Jager, W. (2008). A rejection mechanism in 2D bounded confidence provides more
conformity. Advances in Complex Systems, 11(04), 529–549

Jackson, J. (1960). Structural characteristics of norms. In N. B. Henry (Ed.), Yearbook of the National Society for
the Study of Education, 59, Pt. II, (pp. 136–163). Philadelphia, PA: Psychology Press

Jager, W. (2017). Enhancing the realism of simulation (EROS): On implementing and developing psychological
theory in social simulation. Journal of Artificial Societies and Social Simulation, 20(3), 14

Jager, W. & Amblard, F. (2005). Uniformity, bipolarization and pluriformity captured as generic stylized behav-
ior with an agent-based simulation model of attitude change. Computational & Mathematical Organization
Theory, 10(4), 295–303

Jonas, K., Broemer, P. & Diehl, M. (2000). Attitudinal ambivalence. European Review of Social Psychology, 11(1),
37–41

Krütli, P., Stau�acher,M., Pedolin, D.,Moser, C.&Scholz, R.W. (2012). Theprocessmatters: Fairness in repository
siting for nuclear waste. Social Justice Research, 25(1), 79–101

JASSS, 20(4) 3, 2017 http://jasss.soc.surrey.ac.uk/20/4/3.html Doi: 10.18564/jasss.3492



Latané, B. & Nowak, A. (1997). Self-organizing social systems: Necessary and su�icient conditions for the emer-
gence of clustering, consolidation, and continuing diversity. In G. A. Barnett & F. J. Boster (Eds.), Progress in
Communication Sciences, (pp. 1–24). New York, NY: Ablex Publishing Corporation

Liu, C. C. & Srivastava, S. B. (2015). Pulling closer and moving apart: Interaction, identity, and influence in the
US Senate, 1973 to 2009. American Sociological Review, 80(1), 192–217

Macy, M. W., Kitts, J. A., Flache, A. & Benard, S. (2003). Polarization in dynamic networks: A Hopfield model of
emergent structure. InR. Breiger, K. Carley&P. Pattison (Eds.),DynamicSocialNetworkModelingandAnalysis:
Workshop Summary and Papers, (pp. 162–173). Washington, DC: The National Academies Press

Maio, G. R. & Haddock, G. (2010). The psychology of attitudes and attitude change. London: Sage

Mark, N. (1998). Beyond individual di�erences: Social di�erentiation from first principles. AmericanSociological
Review, 63(3), 309–330

Mark, N. P. (2003). Culture and competition: Homophily and distancing explanations for cultural niches. Amer-
ican Sociological Review, 68(3), 319–345

Martin, R. & Hewstone, M. (2003). Social influence. In M. Hogg & J. Cooper (Eds.), Sage Handbook of Social
Psychology, (pp. 347–366). London: Sage

Mäs, M. & Flache, A. (2013). Di�erentiation without distancing. explaining bi-polarization of opinions without
negative influence. PLoS ONE, 8(11), e74516

Mäs, M., Flache, A., Takács, K. & Jehn, K. A. (2013). In the short term we divide, in the long term we unite:
Demographic crisscrossingand thee�ects of faultlineson subgrouppolarization. OrganizationScience, 24(3),
716–736

Mosler, H.-J., Schwarz, K., Ammann, F. & Gutscher, H. (2001). Computer simulation as a method of further de-
veloping a theory: Simulating the Elaboration Likelihood Model. Personality and Social Psychology Review,
5(3), 201–215

Müller, B., Bohn, F., Dreßler, G., Groeneveld, J., Klassert, C., Martin, R., Schlüter, M., Schulze, J., Weise, H. &
Schwarz, N. (2013). Describing human decisions in agent-based models – ODD+ d, an extension of the ODD
protocol. Environmental Modelling & So�ware, 48, 37–48

O’Keefe, D. J. (1990). Social judgment theory. In D. J. O’Keefe (Ed.), Persuasion: Theory and Research. Newbury
Park, CA: Sage

Park, H. S., Levine, T. R., Kingsley Westerman, C. Y., Orfgen, T. & Foregger, S. (2007). The e�ects of argument
quality and involvement type on attitude formation and attitude change: A test of dual-process and social
judgment predictions. Human Communication Research, 33(1), 81–102

Petty, R. E. & Cacioppo, J. T. (1986). The elaboration likelihood model of persuasion. In L. Berkowitz (Ed.),
Advances in Experimental Social Psychology, (pp. 123–205). New York, NY: Academic Press

Poortinga, W. & Pidgeon, N. F. (2006). Prior attitudes, salient value similarity, and dimensionality: Toward an
integrative model of trust in risk regulation. Journal of Applied Social Psychology, 36(7), 1674–1700

Railsback, S. F. & Grimm, V. (2011). Agent-Based and Individual-BasedModeling: A Practical Introduction. Prince-
ton, NJ: Princeton University Press

Salzarulo, L. (2006). A continuous opinion dynamicsmodel based on the principle of meta-contrast. Journal of
Artificial Societies and Social Simulation, 9(1), 13

Seidl, R., Moser, C., Stau�acher, M. & Krütli, P. (2013). Perceived risk and benefit of nuclear waste repositories:
Four opinion clusters. Risk Analysis, 33(6), 1038–1048

Sherif, C.W., Sherif, M. &Nebergall, R. E. (1965). Attitudes andAttitudeChange: TheSocial Judgment-Involvement
Approach. Philadelphia, PA: W. B. Saunders

Sherif, M. & Hovland, C. I. (1961). Social Judgment: Assimilation and Contrast E�ects in Communication and
Attitude Change. New Haven, CT: Yale University Press

JASSS, 20(4) 3, 2017 http://jasss.soc.surrey.ac.uk/20/4/3.html Doi: 10.18564/jasss.3492



Slovic, P. (1972). Informationprocessing, situation specificity, and the generality of risk-takingbehavior. Journal
of Personality and Social Psychology, 22(1), 128

Smith, E. R. & Conrey, F. R. (2007). Agent-basedmodeling: A new approach for theory building in social psychol-
ogy. Personality and Social Psychology Review, 11(1), 87–104

Smith, S. W., Atkin, C. K., Martell, D., Allen, R. & Hembro�, L. (2006). A social judgment theory approach to
conducting formative research in a social norms campaign. Communication Theory, 16(1), 141–152

Sobkowicz, P. (2009). Modelling opinion formation with physics tools: Call for closer link with reality. Journal
of Artificial Societies and Social Simulation, 12(1), 11

Squazzoni, F., Jager, W. & Edmonds, B. (2014). Social simulation in the social sciences: A brief overview. Social
Science Computer Review, 32(3), 279–294

Starfield, A. M., Smith, K. A. & Bleloch, A. L. (1990). How to Model It: Problem Solving for the Computer Age. New
York, NY: McGraw-Hill

Stefanelli, A. & Seidl, R. (2017). Opinions on contested energy infrastructures: An empirically based simulation
approach. Journal of Environmental Psychology

Swiss Federal O�ice of Energy (2008). Sectoral plan for deep geological repositories – conceptual part. Bern

Takács, K., Flache, A. & Mäs, M. (2014). Is there negative social influence? Disentangling e�ects of dissimilarity
and disliking on opinion shi�s. PLoS ONE, 11(6), e0157948

Tobias, R. (2009). Changing behavior by memory aids: A social psychological model of prospective memory
and habit development tested with dynamic field data. Psychological Review, 116(2), 408

Urbig, D. & Malitz, R. (2005). Dynamics of structured attitudes and opinions. In K. G. Troitzsch (Ed.), Repre-
senting Social Reality. Pre-Proceedings of the Third Conference of the European Social Simulation Association,
September, 5-9, Koblenz, Germany, (pp. 206–212)

Visschers, V. H. M. & Wallquist, L. (2013). Nuclear power before and a�er Fukushima: The relations between
acceptance, ambivalence and knowledge. Journal of Environmental Psychology, 36, 77–86

Weisbuch, G., De�uant, G., Amblard, F. & Nadal, J.-P. (2002). Meet, discuss, and segregate! Complexity, 7(3),
55–63

Weisbuch, G., De�uant, G., Amblard, F. & Nadal, J. P. (2003). Interacting agents and continuous opinions dy-
namics. In R. Cowan & N. Jonard (Eds.), Heterogeneous Agents, Interactions and Economic Performance, (pp.
225–242). Berlin: Springer

Wilensky, U. (1999). Netlogo. Center for Connected Learning and Computer-Based Modeling, Northwestern
University

Wood,W. (2000). Attitude change: Persuasion and social influence. Annual Review of Psychology, 51(1), 539–570

JASSS, 20(4) 3, 2017 http://jasss.soc.surrey.ac.uk/20/4/3.html Doi: 10.18564/jasss.3492


	Introduction
	Theoretical Background
	Method
	Empirical study
	Sample
	Questionnaire


	Results
	Agent-Based Model
	Purpose
	Entities, state variables, and scales
	Process overview and scheduling
	Design concepts – Implementation and initialization
	Input data

	Results
	Results among the entire sample

	Results among subgroups of the entire sample

	Discussion
	Why not (only) psychology?
	Why should social simulations incorporate real data, theories, and specific topics?

	Conclusion

