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Chapter 3

Chapter 3
Regional Variation in Status Values: An Explanation
Based on Status Construction Theory*

Abstract
Why do the status values of social distinctions, such as gender, age, and
ethnicity, often vary widely across geographic regions? Current research
argues that regional variation in cultural and institutional factors, such as
inheritance practices and modes of production, creates power and resource
differences between social categories. These differences, in turn, give rise to
status differences. We propose a new mechanism that can generate regional
variation in status values, without having to assume variation in related
cultural and institutional factors. Our explanation links micro-level
mechanisms proposed by status construction theory with macro structural
conditions derived from social network research. In status construction
theory, interactions between members of different categories can induce
beliefs about status differences between the categories. Social network
research suggests that such interactions are often clustered spatially and occur
more often within than between geographic regions. We argue that the
interplay between spatial network clustering and status construction
processes can lead to regional variation in status values. We elaborate on this
interplay with an agent-based model that we submit to systematic
computational experiments to develop testable implications.

*

This chapter is co-authored with Andreas Flache and Rafael Wittek and at time of writing was in preparation for
submission to a scientific journal.
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3.1

Introduction

Status inequality between social categories often varies widely across geographic regions.
In the USA, for example, the status disadvantage of women is more pronounced in the South
than in the North (Rice & Coates, 1995) and in Turkey, the status of older men is higher in rural
than in urban areas (Gilleard & Gurkan, 1987). Status is an important goal in social life (Blau,
1964) and status inequality begets inequality in other areas, such as academic performance
(Steele & Aronson, 1995), job attainment (Moss-Racusin et al., 2012), and health (Marmot,
2004). Status inequality has therefore been considered a major source of social inequality
(Ridgeway, 2014).
Social scientists have a long-standing interest in explaining why the status that some social
distinctions yield varies across geographic regions (e.g., C. Balkwell & Balswick, 1981;
Brashears, 2008; Hendrix & Hossain, 1988; Ishii-Kuntz & Lee, 1987; Powers et al., 2003;
Sanderson et al., 2005; Stover & Hope, 1984). Existing research has mainly sought the
explanation through regional variation in cultural and institutional factors, such as inheritance
practices and modes of production. These factors are seen as antecedents of power and resource
differences between members of different social categories, which lead to status differentials
between the categories. Lee’s (1984) explanation of the status effect of age is an example. Lee
suggested that regional differences in inheritance practices and residential customs for newly
married couples lead to differences in the control and power that older people have over
younger people. This ultimately leads to regional differences in the respect and deference that
older and younger people receive.
Regional differences in cultural and institutional factors can undoubtedly play an important
role in explaining regional differences in status values. However, we suggest that there may be
an additional, more elementary mechanism. Drawing on status construction theory (Ridgeway,
1991; Webster & Hysom, 1998) and social network research (e.g., Mok et al., 2007; Wong et
al., 2006), we argue that geographical differences in status values may be a consequence of
spatially clustered status construction processes. These processes might be sufficient to
generate regional variation in status values, even when there is no variation between regions in
the cultural and institutional conditions under which these processes unfold.
Status construction theory has been developed within the expectation states framework
(Berger et al., 1977), which is a set of theories that focus on the emergence of status
differentiation in groups with a collective task focus. Building on this framework, status
construction holds that every-day interactional experiences are an important source of status
values (Ridgeway, 1991). When individuals meet to achieve joint goals, for example at work,
school, or in neighborhood groups, there is a chance that hierarchies of influence and dominance
emerge. In these hierarchies, some interactants are perceived as more respected and competent
than others. If hierarchical differentiation occurs between members of different social
categories and is not challenged, a seemingly valid social reality is created. This can induce
observers to believe that category membership signifies differences in respect and competence
(Ridgeway & Correll, 2006). That is, they acquire status beliefs, which imbue the distinction
with status value that favors one category over the other. Once created, status beliefs tend to
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reinforce themselves, because individuals carry them into subsequent interactions in other
contexts and treat new interaction partners in line with them. This renders it likely that new
hierarchies emerge that support incidentally created beliefs and teach these beliefs to others
(Ridgeway et al., 2009; Ridgeway & Erickson, 2000). As a result, status beliefs can emerge and
diffuse throughout a population, even in the absence of systematic power and resource
differences between members of the different categories (Mark et al., 2009; Ridgeway, 2000).
In line with status construction theory, we focus on face-to-face interactions as a source of
status beliefs and thereby of status values. We add the notion that the networks of interaction
that exist in larger populations are often spatially clustered. This means that interactions are
more likely to occur between individuals who live relatively close to each other, than between
individuals who live at larger distance from each other (Faust et al., 1999; Festinger, Schachter,
& Back, 1950; Mok et al., 2007; Preciado, Snijders, Burk, Stattin, & Kerr, 2012; Sailer &
McCulloh, 2012; Wong et al., 2006). We argue that the behavioral processes that status
construction theory describes can create regional variation in status values when spatial network
clustering is taken into account. The reason is that spatial network clustering creates dense local
interaction structures that can quickly diffuse any incidentally created status belief among the
inhabitants of a given geographic region. This may result in a local social reality that renders
the belief seemingly consensual. Local consensus, in turn, can ward off potential influence from
less frequently occurring interactions with members of other geographic regions in which
different beliefs might have emerged. As a result, regional variation in status values can both
emerge and persist.
We study the postulated link between spatial network clustering and regional variation in
status values with an agent-based computational model (Bonabeau, 2002; Macy & Flache,
2009) of face-to-face interactions in geographically distributed populations. Our model builds
on and extends the minimal model of status construction theory developed by Mark et al.
(2009). Our work is similar in spirit to this earlier work, but it is also decisively different. Mark
et al. showed how the interplay of some of the micro-level mechanisms that status construction
theory describes could generate population-wide consensus in status values. We show how the
mechanisms that status construction theory describes can lead to diversity, when they are
combined with the macro-level condition of spatially clustered social networks. Agent-based
computational modeling is particularly suitable for this purpose, because our argument
emphasizes local interactions and heterogeneity among the members of larger populations.
Such conditions are often difficult, if not impossible, to study with standard analytical methods
(Bonabeau, 2002; Gilbert & Troitzsch, 2005; Gilbert, 2008). For comparability and consistency
with earlier (modeling) work in status construction theory, we focus on the basic mechanisms
that the theory describes and abstract from other factors that might affect the development of
status beliefs. We discuss some of these factors, and their potential implications for future
research directions, in the concluding section of this chapter.
To preview results, computational experiments with our model suggest that, at the macro
level, increasing spatial network clustering makes it more likely that populations develop
regional variation in status values. Our model also highlights that this link crucially depends on
a central micro-level assumption of status construction theory. The theory holds that individuals
63

Regional Variation in Status Values
only acquire and maintain status beliefs when they perceive them as sufficiently consensual in
their own social surrounding. We show that when belief acquisition and maintenance require
almost perfect consensus, the likelihood of belief emergence decreases. Given that belief
emergence is necessary requirement for the formation of actual local consensus on status values,
this implies that a stronger need for consensus will suppress the association between spatial
network clustering and regional variation of status values.
In the following sections, we first provide an informal outline of the assumptions that
underlie our explanation of regional variation in status values. We then develop the agent-based
model that we submit to systematic computational experiments. We close the chapter with
discussing our findings and their implications for future research.

3.2

The Informal Theory

3.2.1

Behavioral and cognitive assumptions

As indicated in Chapter 2, research in status construction theory has focused on categorical
distinctions that create at least two mutually exclusive social categories. These categories are
often easy to discern during face-to-face interaction, as is typically the case for gender and race.
We follow this tradition also in the current chapter.
The status value of a distinction is determined by the distribution of status value beliefs (or
simply status beliefs) in a population (Ridgeway, 1991). Status beliefs represent assumptions
about the relative esteem and competence and “associate greater social esteem and competence
with people in one category than with those from another” (Ridgeway et al., 2009). A distinction
has attained status value when the widespread belief exists that members of one category are
relatively more respected and competent than members of the other category (Ridgeway &
Balkwell, 1997). Gender, for example, has status value in populations in which men are widely
believed to be more respected and competent than women. Yet, the status value of a distinction
can vary among regionally dispersed subpopulations (Gilleard & Gurkan, 1987; Rice & Coates,
1995). That is, a belief might be more consensual among population members who live in a
particular geographic region than in the rest of the population. The beliefs that developed in
different geographic regions might even be strictly opposite (e.g., men are more respected and
competent than women vs. women are more respected and competent than men). In both cases
we speak of regional variation in status values.
Status construction theory argues that interactions between members of different social
categories who share collective goals can spontaneously create, reproduce, and diffuse status
beliefs. According to the theory, three assumptions are central to this (cf. Mark et al., 2009).8
First, the status hierarchy emergence assumption holds that small groups quickly develop
hierarchical differences in respect and influence, when their members have to collaborate to
achieve a collective goal (e.g., Bales, 1970). The reason is that in such contexts, individuals act
8

Our discussion of assumptions 1 and 2 heavily draws on Mark et al.(2009). Our discussion of assumption 3 also
draws on their work but puts stronger emphasis on the importance of perceived consensus in the belief formation
process.
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“as if one of the[ir] subtasks is to decide who has high and who has low ability at the [collective]
task–thus to take advantage of high ability members and not to be misled by low ability
members” (Driskell, 1982, p. 232). They therefore search for cues that might signal competence
differences. If such cues exist, the group’s hierarchy in terms of respect and influence will
quickly reflect assumptions about relative competence (Ridgeway, 1991). Competence cues do
not always reflect actual competence differences (Webster & Hysom, 1998). Confident
behavior, for instance, is often assumed to indicate knowledge and competence. Individuals
who act in a confident manner are therefore often perceived as more competent, even when
their contributions are qualitatively not different from contributions made by individuals who
act less confident (cf. Carli, LaFleur, & Loeber, 1995).
Second, the status belief effect assumption holds that in socially differentiated interactions
status beliefs affect assumptions about relative competence. For example, when men and
women interact in a small group setting and some individuals believe that women are generally
more competent than men, they will be more attentive to and accepting of the suggestions of
female group members. That is, gender, becomes a competence cue in the eyes of beliefholders. This makes it likely that hierarchies of respect and influence emerge that reflect the
belief that females are more competent than males (for an overview of research on this
phenomenon see Wagner & Berger, 2002).
Third, the perceived consensus and status belief change assumption holds that the
observation of hierarchical differentiation between particular individuals from different social
categories can induce beliefs about the respectability and competence of members of the
categories in general. That is, individuals tend to infer relative competence from hierarchical
differentiation (Ridgeway, 2000). When such differentiation is juxtaposed with differences in
a social distinction, there is a chance that individuals “misattribute” (Webster & Hysom, 1998,
p. 357) apparent competence differences to differences in the characteristic. The likelihood that
this happens depends on the consensus in the mutual competence evaluations that individuals
perceive (Ridgeway & Correll, 2006; Ridgeway, 2000). Using Ridgeway’s words:
“[... P]eople take on status beliefs from interaction because of the appearance of
consensus in a local situation that makes an enacted correspondence between
people’s nominal differences and [...] competence appear to be a valid social
fact. Subsequent encounters that confirm this status belief [...] broaden the
appearance of consensus about the status belief. As the appearance of consensus
is validated across contexts and actors, the belief becomes part of the actor’s
accepted social framework.” (Ridgeway, 2000, p. 99)
Thus, the observation of hierarchical differentiation in a particular context can create status
beliefs because it conveys the impression of consensual agreement in the mutual evaluations of
the involved interactants. For these beliefs to be maintained, subsequent encounters with
different individuals in different contexts need to sufficiently back up the perceived consensus.
Once a belief appears largely consensual, a few deviating experiences are unlikely to undermine
it (Ridgeway, 2000).
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3.2.2

The spatial structure of interactions

Status construction theory highlights the importance of face-to-face goal-oriented
interactions. A large body of research on the structure of social networks suggests that such
interactions are constrained by spatial distance. Spatial distance has been found to matter also
in the organizational context, in which most every-day goal-oriented interactions take place.
For example, spatial distance negatively affects the likelihood that collaboration occurs
between individual scientists, companies, and companies and universities (Balland, 2012;
Hoekman, Frenken, & Tijssen, 2010; Katz, 1994; Ponds et al., 2007). Similarly, individuals
often encounter co-workers who live in the same geographic area (cf. Niles & Hanson, 2003).
This can be attributed to limits in the time that most people are willing to commute every day
(cf. Rouwendal, 1999).
A social network represents the existence of a relation between individuals, or the fact that
interaction takes place between them, by ties. Wong, Pattison, and Robins (2006) summarized
properties that such networks often exhibit. The following two are most important for our
purpose. First, individuals’ time budgets are limited and therefore networks are typically sparse,
so that only few of the many possible ties are realized. Second, because networks are sparse
and because the interactions that actually take place are constrained by distance, networks often
show spatial clustering. This means that there are communities of actors who are highly
connected internally, but loosely connected to members of other highly inter-connected
communities (Wong et al., 2006).
The effect of distance on the likelihood of interaction can vary across populations. In highly
developed countries, with a high density of car ownership and public transportation, it is easier
to cover a distance of 10, 100, or more miles than in less developed countries, in which walking
is the main mode of transportation for a large part of the population (cf. Mok et al., 2007).
Spatial network clustering is therefore best conceptualized as a continuum. If spatial network
clustering is low, spatial distances show little association with network structure and individuals
are as likely to maintain interactions with somebody who lives close by as with somebody who
lives further away. If spatial network clustering is high, spatial distance is strongly associated
with network structure and individuals almost exclusively interact with those who live
comparatively close by.

3.2.3

The emergence of regional variation in status values

We expect that high spatial network clustering can give rise to the emergence and
persistence of regional variation in status values, even when there is no regional variation in
cultural and institutional factors that might lead to resource and power differences between
social categories. Our argument rests on three propositions. The first two propositions together
describe how regional variation in status values might emerge. The third proposition describes
how such variation might persist.
Proposition 1: Communities are likely to differ in the status beliefs that
spontaneously develop among its members.
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The hierarchy emergence assumption implies that by chance some interactions in a given
community might put members of one social category in the status-advantaged position (cf.
Mark et al., 2009). The perceived consensus and status belief change assumption holds that this
experience might induce a corresponding status belief in at least some community members. If
there are no systematic competence differences between members of the different categories,
these chance processes will favor either of the two categories with equal probability (cf. Mark
et al., 2009; Ridgeway, 2000). In large, geographically distributed populations, many
interactions take place simultaneously in different regions and communities. It is therefore
likely that members of one category are advantaged in some regions and communities, but are
disadvantaged in others.
Proposition 2: A spontaneously created status belief is likely to induce consistent
interactional experiences in the community in which it has been created and
thereby will become consensual among community members.
The status belief effect assumption holds that individuals are likely to treat their interaction
partners in line with their status beliefs. In highly clustered communities, interaction networks
are very dense. This means that as soon as at least some community members acquire a given
status belief and treat others accordingly, many more community members will be exposed to
similar interactional experiences in favor of one category. This might create the impression of
consensus, even among those who have not acquired a corresponding belief yet. This, in turn,
renders them likely to actually acquire it and ultimately leads to widespread consensus in the
community.
Proposition 3: Once widespread consensus on a status belief has been reached
among the members of a community, this consensus is likely to ward off influence
from interactions with members of other communities in which alternative status
beliefs might have emerged.
The perceived consensus and status belief change assumption holds that status beliefs are
maintained as long as they are perceived as sufficiently consensual. When spatial network
clustering is high, interaction networks are dense within communities but sparse between
communities. Consequently, once a status belief actually has become consensual in a given
community, members of the same community will be repeatedly exposed to the same
interactional experiences. This is likely to reinforce the impression of consensus. This
impression, in turn, can ward off social influence from occasional interactions with members
of other communities, in which other status beliefs might have emerged.

3.3

The Formal Model

Propositions 1 to 3 jointly describe an intuition about how spatial distances constrain the
structure of interactions among individuals and thereby create regional variation in status
values. Such macro-to-micro and micro-to-macro interactions are often complex and intuition
may be misleading. Agent-based computational modeling enables researchers to assess the
logical consistency of predictions about such interactions. It also enables researchers to discover
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possible counter-intuitive and unexpected implications of a theory and to study the relative
importance of different aspects of face-to-face interaction (Epstein, 2008; Lynn et al., 2009;
Macy & Flache, 2009). Our model comprises a micro level and a macro level. Our presentation
of the model follows these levels. 9

3.3.1

Micro level

3.3.1.1 Individuals and their characteristics

There are 𝐼 individuals represented as agents 𝑖. Each agent is characterized by a social
distinction 𝑁𝑖 and a status belief 𝑆𝑖.The social distinction has the two states 𝐴 and 𝐵 (𝑁𝑖 ∈
{𝐴; 𝐵}). These states are fixed and visible to other agents; the numbers of agents with each

characteristic in a given population are indicated by 𝐼 𝐴 and 𝐼 𝐵 . The status belief has the three
states 𝐴, 𝑂, and 𝐵 (𝑆𝑖 ∈ {𝐴; 𝑂; 𝐵}). When 𝑆𝑖 = 𝐴 or 𝑆𝑖 = 𝐵, agent 𝑖 believes that agents with
the corresponding state on 𝑁𝑖 are more competent than agents with the other state. We refer to
agents with these states on 𝑆𝑖 also as ‘agents with status beliefs’. 𝑆𝑖 = 𝑂 indicates that 𝑖 does
not believe that agents who differ in 𝑁𝑖 differ in competence. These agents are ‘agents without
status beliefs’.
3.3.1.2 Rules for interaction
Agents engage in small group interaction to reach collective goals. During these
interactions, hierarchies can emerge that put some interactants in a status-advantaged (i.e. more
influential) position, and other interactants in a status-disadvantaged (i.e. less influential)
position. We focus on the dyad as the smallest possible group. Existing research in status
construction theory has focused on interactions between individuals who differ in a salient
social distinction. In line with this, we also focus on interactions between members of different
social categories.
The status hierarchy emergence assumption and the status belief effect assumption hold
that the form that a hierarchy between two individuals takes (i.e. which interactant takes the
more/less influential role) is affected by their nominal characteristics (𝑁𝑖) and their status
beliefs (𝑆𝑖). Table 3.1 illustrates how 𝑆𝑖 and 𝑆𝑗 can combine in dyads whose members differ

in the social characteristic 𝑁𝑖 (𝑁𝑖 ≠ 𝑁𝑗 ). It also shows the probabilities with which certain

hierarchical structures emerge in each of these combinations.
First, consider situations in which 𝑖 and 𝑗 hold no beliefs, or hold opposing status beliefs
(cells 3, 5, and 7 in Table 3.1). In these cases, 𝑖’s and 𝑗’s beliefs do not unambiguously imply
who is status-advantaged. The hierarchy emergence assumption holds that nevertheless a
hierarchy might emerge by chance. Thus, if neither agent 𝑖 nor agent 𝑗 hold a status belief, or
if they hold opposing beliefs, a hierarchy emerges between them with probability 𝑒 (0 ≤ 𝑒 ≤ 1).
If a hierarchy emerges, both agents are equally likely to hold the higher status rank (i.e. to be

9

The micro level builds on and extends Mark et al.’s (2009) model. We therefore do not refer to their work in the
remainder of the model description.
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𝑁𝑗 = 𝐵
𝑆𝑗 = 𝐴

𝑁𝑖 = 𝐴
𝑆𝑖 = 𝐴

[1]

𝑁𝑖 = 𝐴
𝑆𝑖 = 𝑂

[4]

𝑁𝑖 = 𝐴
𝑆𝑖 = 𝐵

[7]

Pr 𝑅𝑖 > 𝑅𝑗 = 1

Pr 𝑅𝑖 > 𝑅𝑗 = 1

𝑁𝑗 = 𝐵
𝑆𝑗 = 𝑂
[2]

Pr 𝑅𝑖 < 𝑅𝑗 = .5𝑒

Pr 𝑅𝑖 = 𝑅𝑗 = 1 − 𝑒

[3]

Pr 𝑅𝑖 > 𝑅𝑗 = .5𝑒

Pr 𝑅𝑖 = 𝑅𝑗 = 1 − 𝑒

Pr 𝑅𝑖 < 𝑅𝑗 = .5𝑒

[5]

Pr 𝑅𝑖 > 𝑅𝑗 = .5𝑒

[6]

Pr 𝑅𝑖 < 𝑅𝑗 = 1

[8]

Pr 𝑅𝑖 < 𝑅𝑗 = 1

[9]

Pr 𝑅𝑖 < 𝑅𝑗 = 1

Pr 𝑅𝑖 = 𝑅𝑗 = 1 − 𝑒

Pr 𝑅𝑖 > 𝑅𝑗 = .5𝑒

Pr 𝑅𝑖 > 𝑅𝑗 = 1

𝑁𝑗 = 𝐵
𝑆𝑗 = 𝐵

Pr 𝑅𝑖 < 𝑅𝑗 = .5𝑒

Table 3.1 Possible combinations of status beliefs (𝑆𝑖 ) and outcomes of interactions in dyads whose members
belong to different social categories (𝑁𝑖 ≠ 𝑁𝑗 ). 𝑅𝑖 represents the relative status rank of the agents after an
interaction between them.

more influential in the interaction and to appear more competent) while the other agent holds
the lower status rank (i.e. to be less influential in the interaction and to appear less competent).
Second, consider situations in which either 𝑖 or 𝑗 hold a status belief, whereas the respective
other agents holds no belief, or in which both agents hold the same belief (cells 1, 2, 4, 6, 8,
and 9 in Table 3.1). In these cases, at least one agent is assumed to be more competent than the
other by at least one member of the dyad. Thus, a hierarchy that reflects this belief emerges
with certainty. We assume that the hierarchical structure that has been created between two
agents remains stable until they interact the next time.
3.3.1.3 Rules for status belief acquisition and loss
The perceived consensus and status belief change assumption holds that experiences with
hierarchical differentiation between those who differ in their states on the distinction 𝑁𝑖 can
lead them to acquire beliefs about status difference between the categories. For these beliefs to
be maintained, they need to appear widely consensual and should therefore be sufficiently
supported in different contexts with different others.
Agents infer the consensusality of a given status belief from the hierarchical relations they
maintain with those agents (1) to whom they are connected and (2) with whom they have
interacted at least once in the past. When a sufficiently large share of these relations supports a
particular belief, agent 𝑖 assumes a sufficient consensus. If 𝑖 does not hold any belief yet, it will
acquire a corresponding belief with probability 𝑎 (0 ≤ 𝑎 ≤ 1). When 𝑖 already holds a belief
and the support for this belief has become so low that 𝑖 does not perceive it as sufficiently
consensual anymore, 𝑖 will lose the belief with probability 𝑙 (0 ≤ 𝑙 ≤ 1). We regulate the share
of relations in which a certain type of hierarchy needs to develop before agents perceive the
corresponding status belief as sufficiently consensual with the perceived consensus threshold 𝑐
(. 5 < 𝑐 ≤ 1). The higher 𝑐, the more demanding are agents’ requirements for assuming a
sufficient consensus among others. Note that agents can acquire beliefs from one interactional
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Figure 3.1 Illustration of status belief acquisition and loss. Triangles and circles with solid boundaries represent
agents who belong to the categories 𝑁𝑖 = 𝐴 and 𝑁𝑖 = 𝐵 respectively. White, gray, and black coloring of circles
and triangles with solid boundaries indicate agents with the status beliefs 𝑆𝑖 = 𝐴, 𝑆𝑖 = 𝑂, and 𝑆𝑖 = 𝐵 respectively.
Dashed gray lines between agents indicate that the possibility for dyadic interaction exists but has not been realized
yet. Solid black lines indicate that interaction has taken place but that no hierarchy has emerged in the last
interaction. Solid black lines with arrowheads indicate that interaction has taken place and that a hierarchy has
emerged in which the source/sink of the arrow was in the higher/lower status position.

hierarchical relation, when it is the only one they have ever been involved in.
Agents always need to make the transition through 𝑆𝑖 = 𝑂 before they can acquire a new
belief. Thus, when 𝑖 currently believes 𝐴 (𝑆𝑖 = 𝐴) but encounters information that sufficiently
supports 𝐵, 𝑖 first needs to lose the belief 𝐴 (with probability 𝑙) when it updates its beliefs. Only
after this it can acquire 𝐵 (with probability 𝑎), when it is later again selected to update its beliefs.
Note that because of 𝑐 > .5, an agent’s experiences can never support both 𝑆𝑖 = 𝐴 and 𝑆𝑖 = 𝐵
at the same time.
Figure 3.1 illustrates the processes of status construction separately for belief acquisition
and loss. Consider first status belief acquisition. In the example, agent 𝑖 currently holds no status
belief (𝑁𝑖 = 𝐴 and 𝑆𝑖 = 𝑂) and has the possibility to interact with four other agents 𝑗, 𝑚, 𝑛,
and 𝑜, who all differ from it in 𝑁𝑖. Yet, 𝑖 so far has only interacted with 𝑗, 𝑚, and 𝑛; 𝑜 is therefore
not considered in determining the share of hierarchical relations that supported a given status
belief from 𝑖’s point of view. In the last interactions that took place with these three agents, two
hierarchies emerged supporting the belief 𝑆𝑖 = 𝐴, because 𝑖 occupied the superior hierarchical
rank in the last interactions with 𝑚 and 𝑛. In the last interaction with 𝑗, no hierarchy emerged
and therefore this interaction does not support any belief. In this configuration, a share of about
.66 of 𝑖’s current hierarchical relations support 𝑆𝑖 = 𝐴. Assuming that 𝑐 = .6, this share exceeds
the critical threshold and 𝑖 therefore acquires the belief 𝑆𝑖 = 𝐴 with probability 𝑎, and acquires
no status belief with probability 1 − 𝑎. Consider next status belief loss. The example shows that
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𝑖 has at some earlier point acquired the belief 𝑆𝑖 = 𝐴. Assuming that 𝑐 = .6, the configuration
shown does not support this belief consensually enough (i.e. only a share of .33 of the
hierarchies that involve 𝑖 support this belief). Agent 𝑖 therefore loses the belief 𝑆𝑖 = 𝐴 (i.e. a
change in 𝑆𝑖 to 𝑆𝑖 = 𝑂) with probability 𝑙 and maintains it with probability 1 − 𝑙.

3.3.2

Macro level

3.3.2.1 Spatial distribution of individuals

Agents inhabit a square plane of size 𝐿 × 𝐿. Their places of residence on this world are

determined randomly. Spatial distances between them are measured as Euclidean distances 𝑑𝑖𝑗𝐸
based on their x-/y-coordinates.
3.3.2.2 Interaction networks

Agents maintain ties with each other, indicating that interaction can take place between
them. We are interested in the effects of spatial network structures as an exogenous condition.
We therefore abstract from endogenous network formation dynamics and assume that ties are
stable over time.
Technically, we represent the structure of interactions in the agent populations as a binary
network in which an interaction tie 𝑥𝑖𝑗 between two population members can either be present

(𝑥𝑖𝑗 = 1) or absent (𝑥𝑖𝑗 = 0). Agents can only interact with each other when they are connected

by a tie. We do not allow agents to interact with themselves (𝑥𝑖𝑖 = 0) and we only model ties
between agents who differ in 𝑁𝑖.
The interaction network is generated at the beginning of a given simulation run. During the
generation process, agents are randomly selected one at a time (without replacement) to choose
a number of 𝑘 (0 < 𝑘 ≤ #𝑁𝑖 ≠ 𝑁𝑗 ) other agents (where #𝑁𝑖 ≠ 𝑁𝑗 is the number of agents who

differ from 𝑖 in 𝑁𝑖), to which they are not connected yet, for establishing a tie. The likelihood
that agent 𝑖 will select a given agent 𝑗 from the set of available alternatives is proportional to

the value of the spatial distance function 𝑓 (𝑦, 𝑑𝑖𝑗𝐸 ) over all alternatives. This function is defined
as
𝑓 (𝑦, 𝑑𝑖𝑗𝐸 ) = exp(−𝑦𝑑𝑖𝑗𝐸 ),

(3.1)

in which 𝑦 (0 ≤ 𝑦 ≤ ∞) governs the effect that spatial distance has on the probability that agent
𝑖 selects a another agent 𝑗 for establishing a tie (cf. Daraganova et al., 2012). Given that 𝑘
governs the number of ties that exist in the agent population, from here on we refer to it also as
the density parameter. Similarly, we refer to 𝑦 as the spatial distance effect.
Our earlier definition of spatial network clustering is based on (1) the spatial distance that
ties cover and (2) the extent to which individuals who live close to each other are connected to
the same set of other agents. Regarding aspect (1), increasing the value of density parameter
(𝑘) increases the number of the ties that exist in the population. For a given level of 𝑘, increasing
the spatial distance effect (𝑦) reduces the average distance that ties cover. Regarding aspect (2),
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Figure 3.2 Illustration of spatial network clustering, contingent on the density parameter (𝑘) and the spatial
distance effect (𝑦). Triangles and circles with solid boundaries represent agents with the states of the social
distinction 𝑁𝑖 = 𝐴 and 𝑁𝑖 = 𝐵 respectively. Lines between agents indicate the possibility for dyadic interaction.
Parameter setting: 𝐼 = 500 and 𝐼 𝐴 = 𝐼 𝐵 = .5𝐼.

for a given level of 𝑘, increasing the value of 𝑦 makes it more likely that agents who live close
to each other are connected to a similar set of other agents. Thus, as both 𝑘 and 𝑦 increase,
spatial network clustering increases. This relation holds as long as 𝑘 is not so large that agents
exhaust their local neighborhood for selecting interaction partners before they select 𝑘
interaction partners. In our experiments (see below) we limited 𝑘 to a maximal value of 7 and
𝑦 to a maximal value of 5. For these ranges, combined with the other settings in our experiments,
it is the case that network clustering tends to be higher at higher levels of both 𝑘 and 𝑦.
Figure 3.2 illustrates the interplay between 𝑘 and 𝑦 for worlds of size 5 × 5 with 500 agents
(250 for which 𝑁𝑖 = 𝐴 and 250 for which 𝑁𝑖 = 𝐵). Spatial network clustering is highest for
the combination 𝑘 = 3/ 𝑦 = 3, because agents are mostly connected to their immediate
neighbors and because neighbors are connected to similar sets of other agents. Spatial network
clustering is somewhat lower for the combination 𝑘 = 2/ 𝑦 = 3, because neighbors are
somewhat less connected to the same set of other agents. Spatial network clustering is lowest
for the combinations 𝑘 = 2/ 𝑦 = .5 and 𝑘 = 3/ 𝑦 = .5, given that spatial distance has little
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impact on the selection of population members for establishing interaction ties.

3.3.3

Outcome measures

We assess the regional variation in status values with two measures. The first is Grannis’
(2002) multi-group extension of White’s (1983) measure of spatial segregation (𝑀𝑆𝑆). This
measure treats status beliefs (𝑆𝑖) as a categorical variable and focuses on spatial clustering of
agents with the same states on 𝑆𝑖, regardless of the exact difference in 𝑆𝑖 among adjacent
clusters. We calculate 𝑀𝑆𝑆 as
𝑀𝑆𝑆 =

∑𝑔(𝐺/𝐼)[(1/𝐺) ∑𝑖 ∑𝑗 𝑝𝐸
𝑖𝑗,𝑔 ]
(1/𝐼) ∑𝑖 ∑𝑗 𝑝𝐸
𝑖𝑗

,

(3.2)

where 𝐺 refers to the number of agents in three groups whose members share the same state on
𝑆𝑖, and 𝑝𝐸
𝑖𝑗,𝑔 refers to spatial proximities among agents with the same state on 𝑆𝑖 (calculated as

𝑒𝑥𝑝(−𝑑𝑖𝑗𝐸 )). Eq. (2) indicates that the value of 𝑀𝑆𝑆 is determined by (1) calculating the
average spatial proximities among agents with the same state on 𝑆𝑖 separately for each state of
𝑆𝑖, (2) weighting these averages by the share of agents with the respective state on 𝑆𝑖 in the
population, (3) summing the resulting weighted averages, and (4) diving this sum by the average
proximities among all agents in the population. 𝑀𝑆𝑆 values larger than 1 indicate positive
regional variation in status values, so that agents with the same states on 𝑆𝑖 tend to live close
to each other. 𝑀𝑆𝑆 values smaller than 1 indicate negative regional variation in status values,
so that agents with different states on 𝑆𝑖 tend to live close to each other. The value 1 is obtained
both when there is no variation in 𝑆𝑖 in the agent population (i.e. a population-wide consensus)
and when there is variation, so that agents with different states on 𝑆𝑖 are randomly distributed
across the world’s surface.
The second measure is Spearman’s rank order correlation (𝑆𝑅𝑂) between spatial
proximities and proximities in status beliefs among agents. This measure takes advantage of
the fact that the three states of 𝑆𝑖 can be conceived as three levels of an ordinal variable.
Assuming that we can represent the three states 𝐴, 𝑂, and 𝐵 of 𝑆𝑖 numerically as -1, 0, and 1
respectively, we calculate 𝑆𝑅𝑂 as
𝑆𝑅𝑂 =

2

𝐸
∑𝑖 ∑𝑗(𝜌𝑆𝑖𝑗 −𝜌̅𝑆𝑖𝑗 ) (𝜌𝐸
𝑖𝑗 −𝜌̅𝑖𝑗 )
2

2
2

𝑆
𝑆
𝐸
𝐸
√∑𝑖 ∑𝑗(𝜌𝑖𝑗 −𝜌̅𝑖𝑗 ) (𝜌𝑖𝑗 −𝜌̅𝑖𝑗 )

,

(3.3)

𝑆
where 𝜌𝐸
𝑖𝑗 and 𝜌𝑖𝑗 refer to rank ordered spatial proximities and rank ordered status belief

proximities among pairs of agents respectively. That is, 𝜌𝐸
𝑖𝑗 is the rank of the spatial proximities
𝑆
𝑆
(𝑝𝐸
𝑖𝑗 ) among all pairs of agents, whereas 𝜌𝑖𝑗 is the rank of the status belief proximities (𝑝𝑖𝑗 =

−|𝑆𝑖 − 𝑆𝑗 |) among all pairs of agents. The value of 𝑆𝑅𝑂 can vary continuously between -1
and 1. 𝑆𝑅𝑂 values larger than 0 indicate positive spatial clustering and values smaller than 0
indicate negative spatial clustering. The value 0 can be obtained both with no variation in 𝑆𝑖 in
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the agent population and with variation in 𝑆𝑖 so that agents with different states on 𝑆𝑖 are
randomly distributed across the world’s surface.
In direct comparison, 𝑆𝑅𝑂 puts emphasis on the population-level ordering of agents with
the three states of 𝑆𝑖 in terms of spatial proximity, whereas 𝑀𝑆𝑆 only focuses on whether any
differences in 𝑆𝑖 among agents coincide with spatial proximities among them. That is, for
𝑀𝑆𝑆, an ordering of agents with the beliefs 𝐴, 𝑂, and 𝐵 from ‘east to west’ on the world’s
surface generates the same value as the ordering 𝐴, 𝐵, and 𝑂. For 𝑆𝑅𝑂, the value is higher for
the first ordering than for the second ordering. Both measures tend to approach their highest
values when agents with different states on 𝑆𝑖 are perfectly clustered. This is the case in both
of the two foregoing examples. However, both measures tend to decrease if multiple clusters of
agents with the same state on 𝑆𝑖 emerge, which are somewhat spread across the world. This is
the case, for instance, if agents in ‘east’ and in the ‘west’ believe 𝐴, whereas agents in the
‘center’ of the world believe 𝐵.
Next to 𝑀𝑆𝑆 and 𝑆𝑅𝑂, we also report how many of the simulation runs had reached a
steady state, so that given the structure of the interaction network and the distribution of status
beliefs (𝑆𝑖) no agent could be induced to change its current state on 𝑆𝑖 anymore (see Section
3.6.1 in the appendix to this chapter for details). We also assessed how many agents had
acquired status beliefs.

3.4

Experiments and Results

3.4.1

Experimental setup

At the macro level, we varied the level of spatial network clustering (as determined by the
density parameter 𝑘 and the spatial distance effect 𝑦) to assess its effect on regional variation in
status values. At the micro level, our argument highlights the importance of perceived
consensus for the maintenance of regional variation in status values. We thus assessed the
sensitivity of results to the threshold for belief acquisition and maintenance (𝑐).

We focused on worlds with 𝐼 = 500 agents (𝐼 𝐴 = 𝐼 𝐵 = .5𝐼) who initially held no status
belief (𝑆𝑖 = 𝑂). We varied the density parameter (𝑘 = {2,3, ⋯ ,7}) and the spatial distance
effect (𝑦 = {0,1, ⋯ ,5}) both in six steps. With this parameterization, network clustering tends
to be higher when both 𝑘 and 𝑦 are maximal. We only selected networks that consisted of one
component. When there is more than one component, some parts of the population are
completely disconnected from each other. In this case, status beliefs cannot diffuse throughout
the population and finding any regional variation in status values would be coincidental.
Concerning the micro level, we had no primary interest in effects of the likelihood with
which hierarchies emerge (𝑒) and with which agents acquire (𝑎) or lose (𝑙) status beliefs. We
therefore fixed each of these parameters to an intermediate level of .5. To be able to assess how
outcomes were affected by variation in the perceived consensus that belief acquisition and
maintenance require, we varied the perceived consensus threshold 𝑐 in five steps
({. 55, .65, ⋯ , .95}).
The different levels of 𝑘, 𝑦, and 𝑐 created 180 experimental conditions. For reliability, we
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Figure 3.3 Scheduling of simulation runs.

conducted 100 independent simulation runs within each condition and averaged outcomes over
these runs. Figure 3.3 illustrates that each run started with initializing the world, populating it
with agents, and subsequently creating the interaction network among them. After that, the
actual simulation started and continued either for 3,000 iterations, or until a steady state was
reached. In each iteration, 5,000 times a dyad of agents between whom an interaction tie existed
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was randomly selected (with replacement) for interaction. 10 The beliefs of the interactants were
updated immediately after their interaction. At the end of each iteration first the outcome
measures were calculated and subsequently it was determined whether the run had reached a
steady state.11

3.4.2

Results

Figure 3.4 shows the share of runs that had reached a steady state within the allotted period.
The figure suggests that when threshold for belief acquisition and maintenance (𝑐) was low to
medium (𝑐 < .85), most runs had reached a steady state before the time limit was reached,
regardless of the level of spatial network clustering. Yet, when the threshold was high (𝑐 ≥ .85),
the number of runs that had reached a steady state decreased, especially at higher levels of
spatial network clustering (i.e. when both the spatial distance effect 𝑦 and the density parameter
𝑘 increased). We assessed the reliability of our results for this part of the parameter space by
examining the stability of the outcome measures over the duration of the simulation process
(see Section 3.6.2 in the appendix to this chapter for details). Generally, the observed level of
regional variation in status values (i.e. the levels of 𝑀𝑆𝑆 and 𝑆𝑅𝑂) tended to remain stable
after about 1,000 iterations, even in those runs that had not reached a steady state in the allotted
time frame.
Figure 3.5 shows the share of agents that had acquired a status belief (i.e. a state of 𝑆𝑖 that
was different from 𝑂). The figure suggests that generally there was a tendency for status beliefs
to emerge. This tendency was stronger at lower levels of the threshold for belief acquisition and
maintenance (𝑐). Increases in the density parameter (𝑘) typically led to an increase in the share
of belief-holders. Only at the highest levels of 𝑐 (𝑐 = .95), increasing the density parameter (𝑘)
typically led to a decrease in the share of belief-holders. Increasing the spatial distance
parameter (𝑦) tended to slightly decrease the share of belief-holders. Only at the highest levels
of 𝑐 ( 𝑐 = .95), increasing 𝑦 typically led to a decrease in the share of belief-holders.
For the outcomes of main interest, i.e. the measures related to regional variation in status
values, we proposed the intuition that spatial network clustering makes the emergence and
persistence of regional variation in status values more likely. Both the outcomes that we
First agent 𝑖 was selected at random and then another agent 𝑗 was selected at random for interaction. We
constrained this selection for computational efficiency in the following way. First, when selecting 𝑖, we excluded
agents who were involved in a local network configuration in which (1) all potential interaction partners held the
same status beliefs as they did (𝑆𝑖 = 𝐴 or 𝑆𝑖 = 𝐵) and in which (2) all current hierarchical relations with these
partners supported this belief. For such agents, their interactions with each potential interaction partner would
reproduce the existing hierarchy between them with certainty and therefore could never induce a change in 𝑖’s (or
any 𝑗’s) state on 𝑆𝑖 . Second, when selecting 𝑗, we excluded all agents who held the same status belief as 𝑖 (𝑆𝑖 = 𝐴
or 𝑆𝑖 = 𝐵) and whose current hierarchical relation with 𝑖 supported this belief. Again, interactions with these
agents could on its own never induce a change in 𝑖’s (or any 𝑗’s) state on 𝑆𝑖 . We assessed the effect of this
procedure on simulation outcomes conducting a smaller experiment in which agent selection occurred
unconstrained. The results were virtually identical to the results reported in this chapter. The only difference was
that, as expected, runs typically did not reach a steady state in the allotted time frame.
11
We implemented the model in NetLogo 5.0.5 (Wilensky, 1999).
10
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Figure 3.4 Share of runs that had reached a steady state contingent on the density parameter (𝑘), the spatial distance
effect (𝑦), and the consensus threshold (𝑐) after up to 3,000 iterations. Parameter setting: 𝐼 = 500, 𝐼 𝐴 = 𝐼 𝐵 = .5𝐼 ,
and 𝑒 = 𝑎 = 𝑙 = .5. Shares are based on 100 independent simulation runs per condition.

obtained for the measure that takes a categorical view on status beliefs (𝑀𝑆𝑆) and the measure
that takes an ordinal view (𝑆𝑅𝑂) support this intuition. Figure 3.6 shows the average outcome
that our model generated for 𝑀𝑆𝑆. The figure suggests that regional variation in status values
tended to increase when spatial network clustering increased (i.e. when the spatial distance
effect 𝑦 and the density parameter 𝑘 increased). In particular, given a number of ties that agents
maintained with each other (i.e. given a value of 𝑘), increases in the spatial distance effect (𝑦)
led to an increase in 𝑀𝑆𝑆. However, this effect was attenuated by the threshold for belief
acquisition and maintenance (𝑐). That is, when 𝑐 was at its highest value (𝑐 = .95), the effects
that increases in 𝑘 and 𝑦 had on 𝑀𝑆𝑆 were weaker. Note further that at low to intermediate
values of 𝑘 and the highest level of 𝑦, the average value of 𝑀𝑆𝑆 seemed to decrease somewhat
compared to low to intermediate values of 𝑦. This is due to the fact that small values of 𝑘 in
combination with large values of 𝑦 lead to smaller and more secluded communities of agents.
This makes it more likely that a number of communities with the same beliefs emerge, but
which are spread over the world’s surface, instead of being concentrating in one larger region.
This increases the average spatial distance among agents with the same state on 𝑆𝑖, which leads
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Figure 3.5 Share of agents that had acquired a status belief contingent on the density parameter (𝑘), the spatial
distance effect (𝑦), and the consensus threshold (𝑐) after up to 3,000 iterations. Parameter setting: 𝐼 = 500, 𝐼 𝐴 =
𝐼 𝐵 = .5𝐼, and 𝑒 = 𝑎 = 𝑙 = .5. Averages are based on 100 independent simulation runs per condition.

to a slight decrease in 𝑀𝑆𝑆, even with a high level of regional variation in status values.
Figure 3.7 shows the average outcomes that our model generated for the outcome measure
that takes an ordinal view on status beliefs (𝑆𝑅𝑂). The results are very similar to the results for
takes a categorical view on status beliefs (𝑀𝑆𝑆). That is, the value of 𝑆𝑅𝑂 tended to increase
with higher levels of spatial network clustering (i.e. with higher values of the spatial distance
effect 𝑦 and the density parameter 𝑘 increased), but this increase was attenuated by the threshold
for belief acquisition and maintenance (𝑐). Note that also the value of 𝑆𝑅𝑂 decreased at low to
intermediate levels of 𝑘 and the highest levels of 𝑦, and this decrease was more pronounced
than in the case of 𝑀𝑆𝑆. This is because of the emphasis of 𝑆𝑅𝑂 on the exact ordering of the
different status beliefs (i.e. of the different states of 𝑆𝑖) over the world’s surface. This focus
leads 𝑆𝑅𝑂 to decrease stronger than 𝑀𝑆𝑆 when multiple communities of agents with the same
states on 𝑆𝑖 are spread over the world’s surface.
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Figure 3.6 Average value of multigroup spatial segregation measure (𝑀𝑆𝑆 ) contingent on the density parameter
(𝑘), the spatial distance effect (𝑦), and the consensus threshold (𝑐) after up to 3,000 iterations. Parameter setting:
𝐼 = 500, 𝐼 𝐴 = 𝐼 𝐵 = .5𝐼, and 𝑒 = 𝑎 = 𝑙 = .5. Averages are based on 100 independent simulation runs per
condition.

3.5

Discussion and Conclusion

In this chapter, we proposed a new theoretical model that can account for regional variation
in status values. We translated our informal theory into a formal, agent-based model that we
submitted to systematic computational experiments. These experiments supported the
following implications of the theory. First, the processes that status construction theory
describes entail a strong tendency to give a nominal social distinction status value. Second,
regional variation in status values tends to increase with increasing spatial network clustering.
Third, both of the foregoing tendencies are attenuated by the perceived consensus that is needed
before individuals acquire or maintain status beliefs. The first finding is in line with earlier
research by Mark et al. (2009), on which our work builds. The second finding is in line with the
theoretical intuitions we proposed. The third finding, however, requires closer inspection.
Why does a higher threshold of perceived consensus before beliefs are acquired and
maintained affect the level of regional variation in status values? The more consensual a status
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Figure 3.7 Average value of Spearman’s rank order correlation (𝑆𝑅𝑂) between spatial proximities and status
belief proximities among agents contingent on the density parameter (𝑘), the spatial distance effect (𝑦), and the
consensus threshold (𝑐) after up to 3,000 iterations. Parameter setting: 𝐼 = 500, 𝐼 𝐴 = 𝐼 𝐵 = .5𝐼, and 𝑒 = 𝑎 = 𝑙 =
.5. Averages are based on 100 independent simulation runs per condition.

belief needs to appear before individuals acquire it, the less likely it becomes that a random
interaction sequence emerges that sufficiently supports it. Even if such a sequence occurs, the
newly acquired belief is precarious. Already a few deviating experiences are sufficient to
undermine it. This impedes the emergence and maintenance of status beliefs and thereby also
hampers the development regional variation in these beliefs. It is an empirical question how
much perceived consensus it takes before individuals acquire or maintain status beliefs in real
life. However, our results suggest that even if the required amount is rather high, regional
variation in status values is still more likely to occur when interaction networks are spatially
clustered.
Our model is a minimal model. It describes empirically supported micro-behavioral
processes and macro-structural conditions, which together are sufficient to generate regional
variation in status values. It necessarily abstracts from other factors that might affect the
emergence and diffusion of status beliefs in real life. Future research that integrates such aspects
into the model might produce intriguing new insights.
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One important factor that we excluded is resource and power differences between members
of the different social categories. Such differences often exist in real life and can vary across
geographic regions. Status construction theory explicitly allows for the inclusion of such
differences. In an early formulation of the theory, Ridgeway (1991) stressed that salient
differences in resources and power between individuals are often used as cues for inferring
differences in competence (see also Ridgeway & Balkwell, 1997; Ridgeway, Boyle, Kuipers,
& Robinson, 1998; Webster & Hysom, 1998). What implications could this have in the light of
our analysis? Imagine a population with spatial network clustering and imagine that in some
geographic regions the members of one category are slightly resource advantaged, whereas the
opposite association exists in other regions. Likely, the behavioral processes that our model
describes will reinforce and amplify biases in status beliefs induced by these initially small
differences. Consequently, the regions will end up with large differences in status values.
Resource and power differences not only lead to status values. Status values can also lead
to resource and power differences (Ridgeway, 1991). That is, members of status-advantaged
categories often receive more resources by others and more easily attain positions of power. In
the light of our model, this reversed causality has important implications for current research
practice. Earlier research has typically started with identifying regional variation in factors that,
historically, might have led to regional variation in power and resources between social
categories and thereby might have led to regional variation in status values. Our model suggests
the theoretical possibility that regional variation in the distribution of power and resources
might in some cases also be preceded by regional variation in status values. Future research
might benefit from taking the possibility of such reversed causation into account.
A second important factor is that individuals might tend to move to regions where they can
live among individuals who share similar mindsets (Bishop, 2008). This might also apply to
status beliefs. Arguably, such a tendency could facilitate the emergence of regional variation in
status values.
Existing research in status construction theory has focused on easily discerned categorical
distinctions as this facilitates analytical clarity (cf. Ridgeway, 1991). We followed this tradition.
It enabled us to rely on a large body of empirical research in developing our theoretical model.
Future modeling attempts might widen the scope of the model by incorporating graduated or
less easily discernible, social distinctions. However, before more empirical research in this
direction becomes available, the assumptions that underlie such modeling attempts will
necessarily be more tenuous.
Similarly, existing research in status construction theory focuses on indirect social
influence processes that derive from interactional experiences among members of different
social categories. In our minimal model, we focused on these experiences to show that they are
sufficient to generate regional variation in status values. However, a second important source
of social influence might be the direct communication of status beliefs between members of the
same social categories. For example, men might communicate to other men what they believe
that women, in general, are capable of. Future research might incorporate this source of status
beliefs into our model. However, given the lack of research into how individuals integrate
information derived from interactional experience and direct communication in the formation
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of status beliefs, such extensions would be more speculative.
The results of our model have important implications for the explanatory scope of status
construction theory. Our model builds on Mark et al.’s (2009) minimal model of status
construction processes. Their work shows that in populations whose members are at least
indirectly connected to each other, the theory’s central assumptions have a strong tendency to
create population-wide consensus in status beliefs. Yet, they abstracted from social network
structures and from the role that perceived consensus plays in belief acquisition and
maintenance. Our analysis suggests that once social network structures and a need for consensus
for belief acquisition and maintenance are considered, the described mechanisms may produce
population-level divergence with local convergence in status beliefs, instead of population-wide
consensus.
Finally, the results of our computational experiments provide testable hypotheses for
empirical research. As noted earlier, populations can vary in the extent to which social networks
are spatially clustered. Our model predicts that populations in which spatial network clustering
is higher are more likely to show regional variation in status values, even after controlling for
possible differences in cultural and institutional factors that might affect these values. Brashears
(2008) recently demonstrated how predictions of status construction theory can be tested by
means of survey data. Additionally, over the last decades, an increasing number of studies have
examined the spatial structure of social networks by analyzing communications data in larger
populations (e.g., Lambiotte et al., 2008). Pairing survey data with information about spatial
network structures would enable researchers to test the predictions of our theory.

3.6

Appendix to Chapter 3

3.6.1

Steady states

It is possible that agent 𝑖 is embedded in a configuration in which it cannot be induced to
change its state on 𝑆𝑖, unless at least one other agent to which it is connected changes its state
on 𝑆𝑖 first. When 𝑖 has reached such a state, we say that 𝑖 is in an individually stable state. When
all agents have reached an individually stable state, it is impossible that any agent will change
its state on 𝑆𝑖 in the future. In this case we say that the simulation run has reached a steady
state. The configurations that create an individually stable state differ between agents with
status beliefs (𝑆𝑖 = 𝐴 or 𝑆𝑖 = 𝐵) and agents without status beliefs (𝑆𝑖 = 𝑂).
3.6.1.1 Individually stable state for agents with status beliefs

Agents with 𝑆𝑖 = 𝐴 or 𝑆𝑖 = 𝐵 can reach an individually stable state when the share of
stable belief supporting hierarchies with other agents is equal to or exceeds 𝑐. To illustrate what
this means, consider again the belief acquisition process shown in Figure 3.1 in the main part
of this chapter. Assume that 𝑖 has acquired the belief 𝑆𝑖 = 𝐴, as shown in the lower left corner
of the figure. In this case, the hierarchies that developed in 𝑖’s interactions with 𝑚 and 𝑛 are
considered stable belief supporting hierarchies, because 𝑚 and 𝑛 hold no beliefs. This means
that their interactions with 𝑖 will always reproduce the depicted hierarchical differentiation that
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supports 𝑆𝑖 = 𝐴, unless 𝑖’s, 𝑚’s or 𝑛’s state on 𝑆𝑖 change first. Agent 𝑖’s relation with both 𝑗
and 𝑜, on the other hand, are non-stable hierarchies. The hierarchy with 𝑗 is non-stable, because
the neutral hierarchy that developed during their last interaction will change during their next
interaction into a hierarchy that supports 𝑆𝑖 = 𝐴, unless 𝑖’s or 𝑗’s state on 𝑆𝑖 changes first.
Similarly, when the potential interaction with 𝑜 is realized, there is a chance of .5 that a
hierarchy emerges between 𝑖 and 𝑜 that either supports or undermines 𝑆𝑖 = 𝐴, unless 𝑖’s or 𝑜’s
state on 𝑆𝑖 change first.
By comparing the share of stable belief supporting hierarchies with the consensus threshold
𝑐, we can determine whether 𝑖’s belief is sufficiently supported by stable hierarchies and will
thus not change in subsequent interactions, unless the state on 𝑆𝑖 of one or more of 𝑖’s
interaction partners changes first. Considering both realized and potential interactions, in the
foregoing example, the share of stable supporting hierarchies is .5. When we assume that 𝑐 =
.6, 𝑖 is not yet in an individually stable state.
However, imagine that during the last interaction between 𝑖 and 𝑗 𝑖 dominated 𝑗. In this
case, a share of .75 of 𝑖’s relations are stable belief supporting hierarchies, and its state on 𝑆𝑖
will therefore not change, regardless of the outcome of a potential interaction with 𝑜, unless 𝑗’s,
𝑚’s, or 𝑛’s states on 𝑆𝑖 change first.
3.6.1.2 Individually stable states for agents without status beliefs

Consider next agents with 𝑆𝑖 = 𝑂. These agents can reach a stable state when (1) the share
of stable hierarchies that support 𝑆𝑖 = 𝐴 plus the share of all non-stable hierarchies is smaller
than 𝑐 and (2) the share of stable hierarchies that support 𝑆𝑖 = 𝐵 plus the share of all non-stable
hierarchies is smaller than 𝑐. Formulated differently, agents with 𝑆𝑖 = 𝑂 are in an individually
stable state when all interactions that are already stable, plus all hierarchies that could change,
would still not be enough to sufficiently support either 𝑆𝑖 = 𝐴 or 𝑆𝑖 = 𝐵.

3.6.2

Outcome stability

The results of our main computational simulation experiments show that at higher levels
of the perceived consensus threshold 𝑐 a smaller share of runs had reached a steady state.
Especially for 𝑐 = .85 at high levels of spatial network clustering (i.e. at high values of the
density parameter 𝑘 and the spatial distance effect 𝑦) we observed comparatively high levels of
regional variation in status values, while some runs had not reached a steady state yet. To gain
insights into how stable our results were in this part of the parameter space, we conducted 20
additional simulations runs for 𝑐 = .85, in which we fixed the network parameters 𝑘 and 𝑦 to
𝑘 = 7 and 𝑦 = 5 (which generates high levels of network clustering) and recorded outcomes
after each iteration.
Figure 3.8 shows trace plots of the outcome measures 𝑀𝑆𝑆 and 𝑆𝑅𝑂. The figure suggests
that most of the variation in the outcome measures within runs occurred over the first 1,000
iterations (i.e. during the first 5 million interactions). From this point on, the outcome measures
remained comparatively stable. Note that despite this stability, it is possible that in a given run
a string of interactions might lead to a different belief configuration, if the run continued for
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Regional Variation in Status Values

Figure 3.8 Values of multigroup spatial segregation measure (𝑀𝑆𝑆 ) and Spearman’s rank order correlation

(𝑆𝑅𝑂) over the course of 20 simulation runs with 𝑘 = 7, 𝑦 = 5, 𝑐 = .85, 𝐼 = 500, 𝐼 𝐴 = 𝐼 𝐵 = .5𝐼, and 𝑒 = 𝑎 =
𝑙 = .5.

much longer. Nevertheless, the results shown in Figure 3.8 suggest that at least over the time
span that we examined, the average level regional variation in status values was higher at higher
levels of spatial network clustering.
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