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2 ABSTRACT

We present an agent-based model of the emergence of fashion-like collective be-
havior, based on a simple abstraction of individuals neuro-psychological condi-
tioning. Our results show that fashion-like collective behavior can emerge from
social interaction and the working of individuals’ neuro-psychological mecha-
nisms, within a wide range of plausible assumptions about the levels of social
stratification within a population and cognitive inertia.

3 INTRODUCTION

What do miniskirts, afro haircuts, and body tattoos have in common? They are
all forms of body accessories that have had a characteristic fashion-like career.
They emerge out of obscurity and spread through a population very fast, only
to, shortly after they have reached their maximum popularity, vanish again from
the cultural landscape, sometimes to surge again long after. For example, in the
USA turtleneck shirts where first popularized in the 1920s, enjoyed a resurgence
in the 1960s, and became popular again in the 1990s [19].

Although contemporary history of popular culture is riddled which such
fashion-like phenomena, current scientific proposals to explain such forms of
collective behavior are in many ways unsatisfactory or limited in scope. One
classical explanation was proposed by Georg Simmel’s [27]. According to Sim-
mel, humans are endowed with two opposing drives or instincts: on the one hand
they tend to imitate those individuals they admire, and on the other they tend



to distinguish themselves from those to whom they are indifferent or who they
despise [5]. From this it follows that, within a stratified society, characteristic
traits of upper social classes should spread down to lower classes by imitation.
As this occurs, inevitably individuals in the upper-classes will want to distin-
guish themselves from those in lower ones. This makes them drop previously
desired traits and replace them by others.

While Simmel’s effect is logically sufficient to make fashion-like collective be-
havior emerge (see [22, 23], for a computer simulation), its assumptions present
some problems. First, postulating the existence of instincts raises an important
ontological question [4]: What do we mean, exactly, by instinct? Can’t it be
used to label any behavioral regularity or pattern? If so, we should then further
identify the neuro-psychological mechanisms that might generate the behavior
in question. For example, while one can rationalize about the adaptive advan-
tages of imitating somebody else [8], the advantages involved in distinguishing
oneself are much less clear. Second, how do the imitation and distinguishing
behavior relate to the set of values and norms shared by a population? Could
the upper-classes embrace any characteristic trait, or are these individuals also
somewhat constrained by what is acceptable? While, as observers, one can ret-
rospectively find some cultural traits strange or even bizarre (given our own
cultural background), it seems that even upper class individuals have been con-
strained in their choices by their peers and members of their social network (e.g.
by virtue of negative social reinforcement that would discourage too extravagant
a behavior [2]). Moreover, lower class individuals would certainty not imitate
everything the upper-classes might envision. Clearly, some cultural traits are
more likely to be found more often than others. That is, the existing values and
norms of individuals in the lower classes also constrain what they imitate and
what spreads through the population. Finally, how do individuals learn what
cultural specific traits are characteristic, and how can they identify others as
being members of a higher class? Without having an appropriate theory of the
way in which preferences and meaning are associated with symbols and traits,
one ends up with a circular explanation for the emergence of fashion.

Economists too have hurdled with the problem of explaining the strange
career of products that have their value change by fashion-like behavior [6, 3, 7].
According to standard micro-economic theory, the demand for a product should
mostly depend on the supply and an individual’s own evaluation of the product
[9]. In general, however, such theoretical framework is insufficient to explain
the rapid spread of product consumption and the rapid change in individual
preference characteristic of fashions. Thus, to explain this kind of phenomena,
additional factors (often designated as externalities [26]) are required. One such
proposal is that the value of some product is proportional to the total number of
its users (e.g. as in telephone or other communication systems). A high number
generates a positive feedback loop that leads to rapid spread of products once an
initial slow inception phase is surpassed [16]. A related proposal, employed to
explain the introduction and spread of innovation in markets, is to assume that
the likelihood individuals will buy a product is dependent not only on its price
(and therefore, its intrinsic value), but also on the number of individuals having
bought it already [12]. These explanations are however limited, because they
do not explain why many products suddenly lose their value. As put by Margo
Bergman: “[...] Most products are still useful to people even if they are the
only ones who own them. [...], miniskirts are still clothing, and therefore useful,



even if they aren’t popular”. To fix this, this author has proposed a model
where in addition to considering imitation effects in product acquisition, she
considers additionally that an individual’s interest in a valued product decays
over time [6]. While this generates a fashion-like characteristic behavior, it is no
more than an ad-hoc fix in the basic model assumptions, as it does not explain
why individuals’ valuations decay in the first place, neither why they can then
increase at a later time.

An alternative type of hypothesis, proposed by some economists, is based on
the assumption that individuals often imitate others blindly, possibly ignoring
information available to them. This can create information cascades [3, 7],
that lead to the spreading of bad products if the initial choice is poor or ill-
advised. Thus, when the product’s “real” value is later discovered, and the
attending information spreads, this creates a sudden drop in product use. The
latter kind of explanation presents two shortcomings though. First, similarly
to the previous explanations, it does not apply to cases where the product is
still functional and its “real” value is high. Most importantly, is assumes that
there is such thing as a “real” value that can be independently assessed by
the isolated individual (at least given enough information, resources, and time),
without really explaining where this value comes from.

The above discussion suggests that one possible avenue to explain the emer-
gence of fashion-like collective behavior is to identify a plausible (neuro-psychological)
mechanism that would explain how individuals attribute value to traits or prod-
ucts, and how this value might change over time. With this mechanism one
could then model a population of agents with some such psychology, and exam-
ine what kind of macro patterns it would generate. Fortunately, we know of (at
least) one such mechanism: classical (or Pavlovian) conditioning [18, ?].

In classical conditioning, previously neutral stimuli (here “traits”) are made
to trigger emotional or behavioral responses, by recurrent association in space
and /or time between them and other stimuli that, taken alone, already produced
such responses [18, ?]. A neutral stimulus is said to have become conditioned
by other (unconditioned) stimuli. Although this kind of neuro-psychological
process is often setup in controlled laboratory environments for experimental
scientific studies, one can find evidence that the same or similar processes are
also operating in more natural settings. For example, studies have shown that
when physically attractive people are rated in other attributes, such as linguistic
or speech skills, they receive from observers higher scores than individuals with
below average attractiveness [25, 17]. And an all too well known example of
the “application” of conditioning mechanisms is the marketing strategy of asso-
ciating value charged stimuli (e.g. sex or status symbols) with the products or
brands producers want to sell [24]. In fact, it is reasonably well understood that
learning to trigger similar responses when presented with similar or spatiotem-
poral correlated stimuli is a basic organizational principle of cognitive systems
— both in artificial AT systems [13], and in natural brains [1].

In this paper, we present an agent-based model where a population of agents
observe others’ traits, and change their preferences for those traits by a rule akin
to that of classic conditioning. This permits us to study the macro-level dynam-
ics of preferences change and trait usage in the population. Our results show
that fashion-like collective behavior can emerge out of this individual neuro-
psychological mechanism, within a wide range of plausible assumptions about
the level of social stratification within a population. While agents themselves



change their preferences in a very natural and reasonable way — making the
plausible assumption that conditioning is in general of adaptive value [21, 29]
— at the population level the pattern of change is found to be quite capricious
and seemingly irrational.

The rest of this paper is organized as follows. First we describe our model
design. Next we present the model’s results. We then broaden the discussion to
relate our results with those of previous models, and examine how our results
and approach can be utilized in the wider context of cultural preference change.
Finally, in the last section we set forth our conclusions.

4 A MODEL OF FASHION EMERGENCE BY
CONDITIONING

We assume a population of P agents with two attributes and two preferences.
One attribute is real-valued and remains fixed during the entire simulation runs.
It represents some quality or cluster of qualities of the agent that is positively
valued by all members of the population. For example, physical attractiveness,
speech ability, or some aggregated (holistic) perception of several of such traits!.
We dub this attribute the quality attribute or quality for short. Its value g; is
assumed to be randomly generated from a normal distribution with mean 0 and
standard deviation o2. A second attribute ¢; is a binary trait, and represents
some agent trait or item that the agent either carries with him (when ¢; = 1),
or not (when t; = 0). For example, ¢; may represent a type or brand of clothes,
or a body ornament. This second attribute can be changed by the agent at will,
according to what is perceived by the agent as being the most valued option
(from its subjective aesthetical point of view). To distinguish it from the quality
attribute, we will call it the trait attribute or trait for short. Two additional
preference attributes represent the agent’s subjective perception of what is the
value of not having the trait, v?, or of having the trait, v}. The values of
v{ and v} are updated according to a process of conditioning (or association)
between observed traits and qualities, described next. Overall, an agent a; can
be represented formally as a four element vector: < g;, t;, v? , v} >,

At each time step every agent observes a set of N different agent role models.
This is the set of agents which influence an agent’s current perception of the
value of having or not the trait. As a very simple abstraction of the process
of conditioning, we assume that the value v!' of having the trait is changed by
an amount proportional to the average of the qualities of the role models that
have the trait. Additionally, since we want to explore the effects of memory
within agents, we let an agent’s new valuation to be influenced by its previous
valuation. For this purpose, we define a learning rate parameter «, that specifies
how insensitive agents are to new observations. That is, it specifies how slow or
how fast agents are in forgetting previous valuations and changing to new ones.
Specifically:

B =elt-Daty Y g-(-a)

ajia; EMiNt;=1

1On the specific topic of mating preference this as been abstracted by Donald Symons as
mate value or mate quality [28].



In the equation above, M; is the set of models for agent a; (#(M;) = N),
a € [0,1] is the learning parameter, and v}(t) and v}(t — 1), are respectively
the new and previous valuations of trait usage for agent a;. In a dual manner,
we define the value of not having the trait to be the average of the qualities of
the models that do not have the trait, weighted by the learning parameter .
Formally:

v?(t):v?(t—l)~a+% o g(1-a)

aj:a; € M;At;=0

The set of role models for an agent is selected stochastically at each time
step, such that the probability of an agent being a model to another agent
is proportional to how close their qualities are. This is intended to model a
scenario of a socially stratified society, where agents are more likely to interact
(or observe) agents that are closer to them in quality than they are to interact
with average quality individuals. We implement this by using a roulette-wheel
selection mechanism [10], and making the probability of agent g; to be a model of
g; proportional to maz{(30?—|q;—g;|) %, 0.001}, where the exponent parameter
E specifies the degree of social stratification (assortment) in the population.
This setting implies that, for positive values of E, individuals with extremely
high and low qualities have little chance of interacting amongst them, while
individuals with equal quality have maximum probability of interaction. When
FE =0, the population is not stratified, and individuals have an equal probability
of interacting with other individuals with regard to qualities. Thus, higher E
values imply higher correlation coefficients between the quality of agents and
their models (numerically illustrated in the next section).

At every time step each agent goes through two phases. In the first phase,
the agent is assigned a model set of size N, and it updates its subjective value of
having and not having the trait as described above. In the second phase, each
agent a; decides whether or not to switch its trait attribute value. If v} > 0?, the
agent will start using the trait by setting ¢; = 1 (if not set already). Conversely,
if v) > v} the agent will set ¢; = 0, indicating that it does not have the trait.
Once an agent changes the trait usage, we assume that it takes at least D time
steps until he can switch it again. This is intended to represent a cognitive or
material inertia factor [14]. Although changes do not occur, the values v and
v} continue to be updated.

Additionally, to allow the model to escape stationary situations where all
or none of the agents have the trait, we define a parameter 6 that specifies the
probability that an agent will choose a random value for ¢; independent of its
own valuation (e.g. due to some exogenous factor).

This two-phase procedure can be anecdotally interpreted as follows: indi-
viduals go out every day sporting the trait or otherwise (e.g. wearing a certain
type of clothes). During the day they interact and/or observe other people and,
based on their observations, they update their mental subjective perception of
the value of possessing or not the trait (possibly sub-consciously [18]). At night,
back home, they sleep on the subject. In the morning, with their new sense of
aesthetics properly in place, they make a fresh new decision on whether or not
to exhibit the trait during the day. Since in this version of the model updates
and actions of agents are asynchronous, to keep to this metaphor, we should
assume that each agent performs its updates and trait changes on different days.



Parameter Description Value(s) Note
P population size 50 small sample
N number of models 5 small
E assortment 4 r~0.75
o 1 - learning rate 0.2 fast learning
o standard deviation 2
D delay 2 cognitive or material

Table 1: Parameter settings.

5 RESULTS

To study the model dynamics, we set the population size parameter P = 50,
and the model set size N = 5. The standard deviation of agents’ quality o? is
set to 2. We start by setting the assortment parameter E = 4, which generates
a correlation coefficient r between the quality of agents and their role models to
be approximately 0.75. We set learning rate parameter o = 0.2, and the random
change parameter § = 0.04. We start all simulation runs with no agent having
the trait (¢; = 0). And we make the initial value that agents attribute to having
or not the trait equal to —3*¢. This corresponds to a situation where trait usage
is initially neutral for all agents, and therefore it’s indifferent for them whether
or not they possess it. We make each simulation run from 7" = 100 to T' = 500
time steps. In Table 1, we present a summary of the model’s parameters and
the base values we assign them here.

In Figure 1, we depict a bit map (Wolfram diagram) representing trait usage
across time. In the y-axis agents are sorted by quality, with higher quality agents
towards the top of the figure and lower quality ones towards the bottom. Time
runs left to right. As can be seen in the figure, with the parameter values
set above the simulation produces a wave-like pattern. This pattern can be
more clearly demonstrated by plotting in Figure 2 the frequency of trait usage
across time. This wave-like pattern emerges because individuals tend to switch
to the trait value of higher quality individuals. This feature is responsible for
the diffusion of a trait value, but also makes the opposite trait value more
preferable. However, due to the inertia of agents in switching traits, as specified
by parameter D, it takes some time until agents are allowed to switch back.

Contrary to our initial intuition, the diffusion of the trait tends to occur
very rapidly. Just a few time steps are required for a large wave of a particular
trait value to emerge. We found out that this is caused largely due to the low
(but realistic) degree of assortment. To test under what scenarios diffusion of a
trait value would be slower, we made the model selection deterministic such that
agents only observe the immediately higher and lower quality individuals. In
Figure 3, we present a typical simulation result for this case. As can be gathered
from the figure, chance mutations of trait values in high quality individuals pro-
duce more ordered spreading of trait usage. However, in this case the correlation
between agents and models raises to a value near 1. This contradicts empiri-
cal evidence about modern societies. For example, when considering assortment
among individuals of the opposite sex in mating relationships, correlation values
between .3 and .8 have been found in attributes such as IQ, physical attractive-



Figure 1: Bit map of trait usage
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Figure 3: Bit map of trait usage across time (D = 4) with deterministic selection
of model.

ness, and others [15, 20]. Similarly, it has been found in a series of empirical
studies that the same pattern of assortment does occur amongst friends of the
same-sex [11]. This result called our attention because some researchers have
proposed to use spatial metaphors to represent social status in deterministic
small neighborhoods [22, 23]. By comparing Figure 3 with Figure 1, it becomes
apparent that the way social assortment is modelled can be relevant in obtaining
simulation results and deriving theoretical conclusions.

It is useful to compare the model’s behavior with the fixed parameter setting,
with standard results from gene-culture co-evolutionary theory. According to
R. Boyd and P. Richerson’s model of two (discrete) traits’ cultural transmission,
the trait frequency of those traits with no bias should converge at equilibrium
to the ratio of the mutation rates of the two trait values [8]. Since in our model
the probability of random introduction of any of the trait variants is equal, the
frequency of trait usage should converge to 50%. This does not happen in our
model because in it we also introduce time varying bias for the preference of
trait usage or avoidance. In another model, R. Boyd and P. Richerson showed
that if the bias is fixed, the population should converge to the trait with the
highest bias [8]. This also does not occur in our model because the bias changes
with time. It gets higher whenever medium or low quality individuals do not
have the trait of high quality individuals. This drives the model behavior into a
continuum oscillation between near full trait usage to near full trait avoidance.
This can be verified in Figure 2.

To test the robustness of this result we start by varying the value of the delay
parameter D. In Figure 4, we present a bit map of trait usage across time with
D set to 10, and in Figure 5 with D set to 0. As can be seen upon inspecting
Figure 4, with large value of D the behavior of the model is qualitatively very
similar for most values — it produces wave-like patterns across all ranges of
agents’ quality. On the other hand, in Figure 4 we can see that when D = 0
(no enforced delay between trait switches) the patterns are not so clear and
appear almost random. This is so because agents respond faster to devaluations
of trait usage. We also systematically varied the learning rate parameter, and



Figure 4: Bit map of trait usage across time (D = 10).

the number of models, and we found no important changes in model behavior.
Thus, a tentative conclusion that we take from our simulation results is that
cognitive inertia or material resources is an important factor in establishing the
duration of a fashion-like phenomena. Although, in a real setting many more
factors will be involved.

6 DISCUSSION AND FUTURE WORK

Our model shows how a constant oscillation between a near full trait usage
and near full avoidance can occur. It postulates only very simple psychologi-
cal mechanisms of valuation or conditioning, a (normal) quality distribution of
agents, some criteria for the selection of model agents, and most importantly
a cognitive delay or material cost between two successive switches. The act
of switching traits can be interpreted as imitation, but to the extent that one
assumes the switching of traits corresponds to the invocation of pre-existing be-
havior routines, then postulating imitation as a psychological mechanism is not
absolutely required [?]. In any case, we do not need to postulate the existence
of two drives, as in Simmel’s effect, one for imitation and another for wanting
to be different.

Thus, we put forward a new mechanism based on conditioning to explain
fashion-like collective behavior. This is an alternative to other standard expla-
nations such as the Simmel effect, or postulating irrational agents, as discussed
in the introduction section. Still, much work needs to be done. In our simple
model the imposed delay was the most important factor in establishing the pe-
riod of fashion waves. It would be interesting to see under what conditions the
period of the waves can be decoupled from direct influence of model parameters
and instead emerge from the model dynamics.

An important addition to the model is to consider agents with multiple
changeable traits, and traits with multiple values. This would most probably
change the model dynamics for each individual trait. (See [?] for a similar
model design.) Another aspect to consider would be to add differential abilities



Figure 5: Bit map of trait usage across time (D = 0).

to switch traits based on an agent’s quality, representing some form of social
class empowering.

7 CONCLUSIONS

In this article we have presented a simple model that shows how mechanisms of
neuro-psychological conditioning at the individual level can generate the emer-
gence of fashion-like collective behavior. The model shows that for a wide range
of parameter values, trait usage can oscillate continuously between periods of
near full trait use to near total trait avoidance.
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