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This article introduces the Causal Attitude Network (CAN) model, which conceptualizes attitudes as
networks consisting of evaluative reactions and interactions between these reactions. Relevant evaluative
reactions include beliefs, feelings, and behaviors toward the attitude object. Interactions between these
reactions arise through direct causal influences (e.g., the belief that snakes are dangerous causes fear of
snakes) and mechanisms that support evaluative consistency between related contents of evaluative
reactions (e.g., people tend to align their belief that snakes are useful with their belief that snakes help
maintain ecological balance). In the CAN model, the structure of attitude networks conforms to a
small-world structure: evaluative reactions that are similar to each other form tight clusters, which are
connected by a sparser set of “shortcuts” between them. We argue that the CAN model provides a
realistic formalized measurement model of attitudes and therefore fills a crucial gap in the attitude
literature. Furthermore, the CAN model provides testable predictions for the structure of attitudes and
how they develop, remain stable, and change over time. Attitude strength is conceptualized in terms of
the connectivity of attitude networks and we show that this provides a parsimonious account of the
differences between strong and weak attitudes. We discuss the CAN model in relation to possible
extensions, implication for the assessment of attitudes, and possibilities for further study.
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The attitude concept continues to occupy a central role in the
social sciences. Not only are attitudes a core topic in social
psychology; they also play an important role in economics and the
political sciences (e.g., Latané & Nowak, 1994). While research on
attitudes has spawned a vast literature, it has been argued that the
theoretical integration of empirical findings is still limited (e.g.,
Monroe & Read, 2008). In particular, a realistic formalized theo-
retical framework is lacking that can be directly related to empir-
ical data through statistical estimation and fitting techniques. In the

current article, we put forward such a formalized measurement
model of attitudes, and argue that this model shows promise in
integrating our understanding of the structural and dynamical
properties of attitudes.

Any formal measurement model of attitudes needs to fulfill
two basic properties. First, it must address how multiple re-
sponses on an attitude questionnaire relate to the attitude con-
struct. Second, it must provide an explanation of the correla-
tions among these multiple responses. Historically the most
influential model of attitudes that fulfills these two basic prop-
erties has been the tripartite model of attitudes. In this model,
attitudes are assumed to consist of cognitive, affective, and
behavioral components (e.g., Bagozzi, Tybout, Craig, & Stern-
thal, 1979; Breckler, 1984; Eagly & Chaiken, 1993; Fishbein &
Ajzen, 1975; Rosenberg, Hovland, McGuire, Abelson, &
Brehm, 1960). Formalized accounts of the tripartite model
assume that attitudes act as latent variables that cause these
three components, which in turn cause specific responses to
attitude questions. Due to a number of problems discussed
below this view of attitudes has fallen out of vogue (e.g., Fazio
& Olson, 2003a; Zanna & Rempel, 1988). However, no domi-
nant alternative formalized measurement model of attitudes has
yet replaced it. To fill this gap, the present article presents a
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“ mental representation, concepts, 
associations” = social cognition

Concepts=> ANYTHING! attribute, propositions, memories, personal goals



The tripartite Model: 
attitudes consists of 3 components

Bagozzi, Tybout, Craig, & 
Stern- thal, 1979; Breckler, 
1984; Eagly & Chaiken, 1993; 
Fishbein & Ajzen, 1975; 
Rosenberg, Hovland, McGuire, 

Abelson, & Brehm, 1960

Attitudes: latent variables!
unobservable common causes of observable variables 

AffectiveCognitive

Behavioral



2 assumptions of the tripartire model
• Local independence: Indicators measuring the 

same latent variable have no direct causal 
influence on each other 

• Exchangeability: adding indicators to a 
questionnaire only increases reliability but does 
not add substantial information 



From description to explanation

The tripartite Model well describes the co-
occurence of the three components
It is easy to fit with common measures
It does not explain the formation and 

dinamism of attitudes formation and change
Does not explain inconsistencies btw

attitudes & bahavior if behavior is one
component of attitude

à



Connectionist models of attitudes

• Connectionism is an approach to cognitive 
modeling that uses linked networks of 
concepts to represent cognitive structures

• various beliefs related to an attitude are 
connected to each other in a network fashion 
and that activation in some way captures 
salience or awareness.



Connec:onist models of a;tudes

• attitudes form and change as a result of the 
interplay between evaluative reactions that 
concern the attitude object

• Attitude results from a network of inter-
related reactions to the attitude object

• BUT Without empirical evidence: typical 
measures of attitudes do not provide network 
data!!!

• It is just a metaphorical description





CAN: Causal Attitude Network model 

• Attitudes as networks that consist of 
evaluative reactions and interactions 
between these reactions. 

• Relevant reactions include beliefs, feelings, 
and behaviors toward an attitude object

• attitude networks -> small-world structure 
• allows for the application of empirical 

network models 
• Nodes are causally related



Cogni&ve consistency

• humans have a basic need for consistency 
between their cognitions (e.g., Heider’s balance 
theory; Festinger’s Consistency theory; 
Rosenberg’s affective-cognitive consistency) 

• people are motivated to reduce inconsistencies 
within their attitudes (e.g., van Harreveld et al., 
2009)

• evaluative reactions have a tendency to align with 
each other. 



Accuracy

• Some%mes people need to make correct
decision

• Accuracy mo%va%on lowers preference for 
informa%on that supports previous a9tudes
(Hart et al., 2009). 



Consistency vs Accuracy

• striving only for 
consistency 
would lead to 
perfectly aligned 
evaluative 
reactions

• striving only for 
accuracy can, in 
some instances, lead 
to completely 
unaligned evaluative 
reactions.



Clustering

• Clustering allows for 
– energy reduc*on within clusters 

• e.g. all evalua)ve reac)ons toward a person that 
pertain to the dimension of warmth are highly aligned

– accuracy by having unaligned or even misaligned 
clusters that do not cost much energy 
• e.g. the evalua)ve reac)ons that pertain to the 

dimension of warmth are not highly aligned to the 
evalua)ve reac)ons that pertain to the dimension of 
competence



Preferential attachment

• nodes are more likely to connect to popular nodes
-> evaluative reactions that already have many
connections are more likely to lead to the activation of 
additional evaluative reactions

WHY?
-> evaluative reactions that are strongly connected
already have proven to be predictive in the past, which
makes such evaluative reactions more likely to cause 
readiness of other evaluative reactions in the present. 



A7tudes as small-worlds!!!

• attitude networks are expected to show
– high clustering, in which these clusters are connected 

through shortcuts
– High connectivity: Through these shortcuts, attitude 

networks have high global connectivity (i.e., all nodes 
on average are closely connected to each other)

• The combination of high clustering and high 
connectivity is known as a small-world structure

(Albert & Barabási, 2002; Watts & Strogatz, 1998).



Nodes=evaluative reactions

Edges =causal influence between
the evaluative reactions.

Hypothetical attitude network at four points in time

to some extent linked to the other judgments through the connec-
tion between judging Obama as a good leader and judging him to
care about people like Bob, as Bob thinks that this is a crucial
aspect of being a good leader. The attitude network has thus grown
and now consists of two clusters (i.e., set of nodes that are highly
interconnected), which are connected by a shortcut, see Figure 1b.
The reason that this edge represents a shortcut is that removing this
edge would substantially decrease the global connectivity (i.e.,
average connectivity of each node with all other nodes; West,
1996) of Bob’s attitude network (Watts, 1999). In the current
example, removing the edge between judging Obama as caring and
judging Obama to be a good leader would result in Bob’s attitude
network no longer being fully connected.

At some point, Bob also had evaluative reactions of a more
affective nature toward Obama. Because he judged Obama as
honest and moral, he also started to feel hopeful toward Obama
and this in turn caused him to feel proudness and sympathy toward
him (see Figure 1c). Again, these different affective reactions
cannot change without exerting some pressure to change on the
other affective reactions. Furthermore, Bob’s feeling of hope to-
ward Obama and his judgments that Obama is honest and moral
are closely connected, so that when one of these evaluative reac-

tions increases or decreases, the other reactions will also more
readily increase or decrease.

Due to his already very positive attitude, Bob also started to
convince other people to vote for Obama, he placed a sticker on his
car saying “Vote Obama” and, of course, at the election he voted
for Obama. From the more specific evaluative reactions toward
Obama, more general evaluations subsequently emerged. For ex-
ample, Bob would state that he likes Obama and that he generally
sees him as a good person. These new clusters attached to the
evaluative reactions of judging Obama as caring and feeling hope-
ful toward Obama due to the popularity (i.e., number of connec-
tions) of these evaluative reactions (see Figure 1d).

As the above example illustrates, attitude networks are expected
to show a structure with high clustering, in which these clusters are
connected through shortcuts. Through these shortcuts, attitude
networks have high global connectivity (i.e., all nodes on average
are closely connected to each other). The combination of high
clustering and high connectivity is known as a small-world struc-
ture (Albert & Barabási, 2002; Watts & Strogatz, 1998). The
formalized definition of small-world networks holds that such
networks have a higher clustering than a random graph (i.e.,
network in which the nodes are randomly connected) but about the
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Figure 1. Hypothetical attitude network at four points in time (a–d). Nodes represent evaluative reactions and
edges represent causal influence between the evaluative reactions. Note that for reasons of simplification, all
edges represent excitatory influence and all edges have the same strength. The layouts of these graphs are based
on the Fruchterman-Rheingold algorithm (Fruchterman & Reingold, 1991), which places closely connected
nodes near each other. As all networks shown in this article, this network was created using the R-package
qgraph (Epskamp, Cramer, Waldorp, Schmittmann, & Borsboom, 2012). See the online article for the color
version of this figure.
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7CAUSAL ATTITUDE NETWORK MODEL



DATA

• American Na@onal Elec@on Study (ANES) of 1984 
• N= 2,257 
• Par@cipants were asked whether or not they aOributed

several posi@ve characteris@cs to each candidate (e.g., 
whether the candidate is a decent, intelligent or a 
moral person) and whether they had ever had posi@ve 
or nega@ve feelings toward each candidate (e.g., 
feelings of hope or anger). 

• par@cipants’ responses toward these evalua@ve
reac@ons -> aRtude networks for the aRtudes toward
each presiden@al candidate



and new connections will probably be formed continuously and the
extent of this likely depends on how often a person interacts in
some way with the attitude object. We discuss this point further in
the section on the relation between attitude strength and network
connectivity.

Apart from implications for attitude stability, conceptualizing
attitudes as networks also has implications for attitude change.
The most straightforward implication of conceptualizing atti-
tudes as networks for attitude change is that attitudes can be
changed via a plethora of different processes as each node in the
attitude network can serve as a gateway to instigate change in
the network. Looking back at Figure 1d, change in the network
could, for example, be instigated by cognitive dissonance (e.g.,
Bob did not vote for Obama because of minor situational
constraints and because of this a more negative evaluation
spread through the network; cf., Festinger, 1957), evaluative
conditioning (e.g., pairing Obama with images related to hope
through which an even more positive evaluation spread through
the network; cf., De Houwer, Thomas, & Baeyens, 2001; Jones,
Olson, & Fazio, 2010) or by presenting arguments (e.g., a friend
convinces Bob that Obama is not so competent after all from
which again a more negative evaluation spread through the
network).

Whether the state of the targeted evaluative reaction changes
(e.g., from !1 to "1), however, is a function of not only the
strength of external pressure but also of the state of the neighbor-
ing nodes and the strength of the links between the targeted node
and the neighboring nodes. If a single node changes to a state that

is incongruent to its links with neighboring nodes, the energy
expenditure of the system rises. The amount of energy expenditure
of a given configuration is calculated using the Hamiltonian func-
tion H!!":

H(!) " ##
i

$i!i # #
i,j

%i,j!i!j, (1)

where $i is the threshold of any given evaluative reaction #i and
represents the disposition of the given evaluative reaction to be
endorsed (1) or not endorsed ("1). A threshold higher than 0
indicates that the probability of the given evaluative reaction to be
endorsed is higher (given the absence of any influence of neigh-
boring evaluative reactions) than the probability that the evaluative
reaction is not endorsed. Conversely, a threshold lower than 0
indicates that the probability of the given evaluative reaction to be
endorsed is lower than the probability that the evaluative reaction
is not endorsed.

$i,j is the weight of the interaction between !i and its neighbor-
ing evaluative reaction !j. A weight higher than 0 indicates that
that the interaction between two evaluative reactions is positive
(e.g., if one evaluative reaction is endorsed, the probability that the
other evaluative reaction is endorsed heightens). Conversely, a
weight lower than 0 indicates that that the interaction between two
evaluative reactions is negative (e.g., if one evaluative reaction is
endorsed, the probability that the other evaluative reaction is
endorsed lowers).

The probability of a given configuration can be calculated with
the following equation:
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Figure 2. Estimated attitude networks toward the two main candidates in the U.S. presidential election in 1984.
Red (gray) nodes represent positive judgments, blue (light gray) nodes represent positive feelings, and green
(dark gray) nodes represent negative feelings (see the Appendix for the complete wording of the items). Green
(solid) edges indicate excitatory influence between the nodes and red (dashed) edges indicate inhibitory
influence between the nodes. Thicker edges represent higher weights of the edges. The same algorithm as for
Figure 1 was used for the layout of these graphs. See the online article for the color version of this figure.
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9CAUSAL ATTITUDE NETWORK MODEL

Nodes red =positive judgements
blue = positive feelings

green =negative feelings 

Edges green=excitatory influence
red =inhibitory

Thicker edges represent
higher weights of the edges

Both networks thus had a small-world structure



• the CAN model holds that evaluative reactions
cause readiness of related evaluative reactions
to the same attitude object and through this
process attitude networks take shape. 

• Similar evaluative reactions tend to cluster 
and these clusters are connected by shortcuts, 
which give rise to the small-world network 
structure of attitudes. 



Attitude Change

• attitudes can be changed via a plethora of 
different processes as each node in the attitude
network can serve as a gateway to instigate
change in the network 

• Eg cognitive dissonance; evaluative conditioning; 
arguments

• function of 
– strength of external pressure 
– state of the neighboring nodes
– strength of the links between the targeted node and 

the neighboring nodes (robustness!!)



• If one evaluative reaction changes and this
change persists, other evaluative reactions are 
also likely to change. 

• If a node in this cluster were to be changed, this
change would mostly spread to other nodes in 
this cluster. 

• whether the change will spread through the 
whole network depends on the behavior of the 
nodes that connect this cluster to other parts of 
the network. 

• While highly central evaluative reactions will be 
likely to resist change, their change will also be 
more consequential than change in an evaluative
reaction that is not central. 



A"tude strenght as global connec*vity

• Strong attitudes are defined by their stability, 
resistance to change, and impact on behavior
and information-processing 

• global connectivity (i.e., average shortest path
length; West, 1996) of an attitude network 
can be regarded as a mathematically
formalized conceptualization of attitude
strength. 



• evaluative reactions that are not aligned to 
each other cost more energy in a highly
connected attitude network

• Highly connected attitude networks are more 
likely to resist persuasion attempts

• See resistance of strong versus weak attitudes
to persuasion attempts (e.g., Bassili, 1996; 
Visser & Krosnick, 1998). 



Predic&vity of behavior

• evaluative reactions in highly connected
attitude networks are more likely to align to 
each other. 

• An aligned attitude network is likely to be 
more informative for a decision on whether a 
related behavior should be executed or not. 

• highly connected network attitudes are more 
predictive of behavior



Knowledge: network size

• knowledge amplifies the effects of attitude
strength (Wood et al., 1995). 

• attitude networks that are both highly
connected and consist of many different
evaluative reactions will correspond to 
stronger attitudes



Traditional attitude strenght
contributors

all likely to be caused by connec%vity

ACCESSIBILITY

CERTAINTY

STRUCTURAL 
CONSISTENCY

INTENSITY

EXTREMITY



Traditional attitude strenght
contributors

ACCESSIBILITY
how fast a person can judge
whether a given a9tude object
is posi%ve or nega%ve

FASTER IF evalua%ve reac%ons
ARE aligned
-> highly connected a9tude
network



Traditional attitude strenght
contributors

CERTAINTY
A9tude clarity= CONFIDENCE in 
the a9tude and in its validity

aligned a9tude network 



Traditional attitude strenght
contributors

STRCTURAL 
CONSISTENCY

• evaluative- affective consistent
• evaluative-cognitive consistent
• affective- cognitive consistent

(Chaiken et al., 1995) 

aligned attitude network 



Traditional attitude strenght
contributors

how strongly an a9tude object
elicits emo%onal reac%ons
Visser et al., 2006

aligned a9tude network 

INTENSITY



Traditional attitude strenght
contributors

EXTREMITY
• POLARIZATION OF ATTITUDES

aligned attitude network 



IN SUM… YOU CAN
• Attitude networks are driven by the trade-off between

optimization (i.e., consistency between evaluative
reactions) and accuracy. 

• This trade-off results in a small-world structure, in which
evaluative reactions, that are similar to each other, tend to 
cluster.

• Conceptualizing attitudes as networks provides testable
hypotheses for attitude change (e.g., change in an 
evaluative re-action will foremost affect the cluster it
belongs to) and a parsimonious explanation for the 
differences between strong and weak attitudes by 
conceptualizing

• attitude strength = connectivity of attitude networks. 



Elaborationàconnectivity
• Elabora@on imparts more substan@al and complex 

internal structure to aRtudes (Haugtvedt & PeOy, 
1992; Wegener, PeOy, Smoak, & Fabrigar, 2004), and it 
produces stronger aRtudes (Shestowsky, Wegener, & 
Fabrigar, 1998) that are oXen more resistant to change 
(Haugtvedt, Shakarchi, Samuelsen, & Liu, 2004; 
Haugtvedt & Wegener, 1994)

• exper@se is related to increased consistency among 
relevant beliefs, showing that elabora@on and 
consistency are oXen concomitant (Judd & Krosnick, 
1989; Lavine, Thomsen, & Gonzales, 1997)


