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Modeling fashion as an emergent 
collective behavior of bored 
individuals
Johannes P.‑H. Seiler * & Simon Rumpel *

Boredom is an aversive mental state that is typically evoked by monotony and drives individuals to 
seek novel information. Despite this effect on individual behavior, the consequences of boredom for 
collective behavior remain elusive. Here, we introduce an agent-based model of collective fashion 
behavior in which simplified agents interact randomly and repeatedly choose alternatives from 
a circular space of color variants. Agents are endowed with a memory of past experiences and a 
boredom parameter, promoting avoidance of monotony. Simulating collective color trends with 
this model captures aspects of real trends observed in fashion magazines. We manipulate the two 
parameters and observe that the boredom parameter is essential for perpetuating fashion dynamics in 
our model. Furthermore, highly bored agents lead future population trends, when acting coherently 
or being highly popular. Taken together, our study illustrates that highly bored individuals can guide 
collective dynamics of a population to continuously explore different variants of behavior.

Boredom is a common human experience that emerges in many situations of our daily life1,2 and across vari-
ous cultures3. Furthermore, boredom has been characterized as an aversive mental state, typically elicited by 
monotonous and meaningless situations4,5. On the level of individual humans, increased boredom proneness has 
been associated with higher risk-taking6–9 and impulsivity10,11, but also with positive features such as exploration 
and creativity12,13. Accordingly, boredom has been proposed to serve as a driving force on individual behavior 
that promotes information-seeking, in order to prevent individuals from repeated exploitation and thus foster 
exploration14–16. Hence, boredom is regarded as a fundamental neurobiological mechanism of individual behavior 
that may even enfold relevance for non-human species17,18.

As an important cognitive driver of individual behavior, boredom could also affect collective behavior which 
emerges in populations of multiple interacting individuals. However, the concrete and quantitative effects of 
individual boredom for shaping collective behavior remain elusive.

One particularly vivid example of collective behavior is fashion, which can be characterized by two features: 
(I) Trends, defined as transient overrepresentations of a certain behavior in a population of agents19, e.g. the 
preference for a certain clothing color, and (II) temporal instability of these trends, meaning that they change 
and cycle over time. Such ongoing fashion cycles have for instance been reported for colors of clothing20,21, 
length and shape of women’s dresses22, but also preferences for baby names23, reflecting a variety of behaviors 
that underlie fashions.

Previous theoretical work, investigating the drivers of trend cycles, suggests that ongoing fashion dynamics 
strongly depend on the level of conformity of individual behavior with respect to the population24–26. Addition-
ally, fashion behavior is qualitatively related to boredom, where increased boredom proneness has been associated 
with higher frequencies of buying new fashion items27,28. This finding on the level of single individuals hints 
towards a role of boredom that could also affect collective fashion behavior. Nevertheless, a model that describes 
how a concrete neurocognitive phenomenon, such as boredom, can affect individual conformity and thus shape 
collective fashion dynamics, has to the best of our knowledge not yet been formulated, hence limiting the cur-
rent understanding and experimental accessibility of collective trend behavior and its neurobiological basis29.

Here, we address and fill this gap by presenting an agent-based framework in order to model fashion trend 
behavior in a population. Individuals in this population interact, and make sequential decisions on variants from 
a circular space of alternatives. Individual agents are characterized by only a memory attribute and a boredom 
attribute, inspired by a recent empirical study on boredom-related behavior15. While formulated generally, we 
specifically apply the model to color trends in fashion and corroborate our simulations by comparing them to 
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a dataset of real color trends in fashion magazines. We then use the model to generate simulations of collective 
behavior while systematically controlling the degree of boredom in individuals. Analyzing the simulated behavior 
under various conditions, we observe that boredom has a critical effect on shaping collective trend dynamics.

Results
Color trends in fashion magazines
We aimed to model collective trend dynamics in the domain of fashion, focusing our efforts on changing trends 
of clothing colors. Therefore, we first collected quantitative data on color trends from fashion magazines and 
characterized them. We analyzed the dominant clothing colors on the monthly covers of the fashion magazine 
Cosmopolitan in the time from 2000 to 2022 and used them as a proxy for fashion trends. In order to quanti-
tatively assess color trends, we analyzed areas featuring the characteristic color of the clothing item shown on 
the magazine covers, extracted their average color as RGB code, and projected this clothing color into a circular 
subspace of the perceptually even CIELAB color spectrum30 obtained by principal component analysis (Fig. 1A, 
see “Methods” section). This procedure reduced the dimensionality of an RGB code to a single scalar, represent-
ing the angle between a fixed reference vector and a given color vector in the plane that explained most variance 
of all colors in the CIELAB space (see “Methods” section).

Consistent with prior work on dynamic fashion trends21,22, we observed an ongoing change of trend colors 
in the Cosmopolitan magazine (Fig. 1B–D), where the circular CIELAB color space was sampled unevenly 
with dominant clusters of pale yellowish, reddish and blackish colors (Fig. 1C). Interestingly, these color trends 
showed unsteady dynamics, defined by longer phases of low month-to-month change (i.e. high stability) with 
short intermittent peaks of high trend change (i.e. low stability) (Fig. 1E). This trend dynamic with varying rates 

Figure 1.   Dynamic color trends in fashion magazines: (A) Pipeline of data processing for color trends on 
fashion magazine covers (time interval 2000–2022). (B–F) Color trend dynamics the fashion magazine 
Cosmopolitan: (B) Trend colors in RGB color space. (C) Upper panel: Trend colors of the respective magazine 
projected into the plane that explains most variance of all trend colors in CIELAB space. Lower panel: Trend 
color sequence after projection onto the circular subspace in the plane described above. (D) Time-shifted sum 
over color vectors in a moving bin of 8 months over time. (E) Month-to-month change between the trend colors 
over time (absolute first derivative from the panel above). (F) Comparison of the color trend dynamics in E 
against the dynamics of a color sequence that was randomly shuffled over time (n = 267 trend changes, p-value 
refers to Wilcoxon rank sum test).
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of change was statistically robust against shuffling the trend colors randomly over time (Fig. 1F; Wilcoxon rank 
sum test: n = 267 trend changes, p = 0.007).

We conducted an analogous analysis of color trends for two independent fashion magazines (Vogue and 
Harper’s Bazaar) and found similar distributions of trend colors in the CIELAB space as for the Cosmopolitan 
(Supplementary Fig. 1D,E). However, we did not find a significant synchrony of trends between the three maga-
zines (Supplementary Fig. 1B,C), indicating a high degree of stochasticity in the cover colors of each particular 
fashion magazine. Testing the significance of the trend color dynamics of the Vogue and Harper’s Bazaar, we did 
not find a significant difference from randomly shuffled trend colors (Wilcoxon rank sum test: Vogue p = 0.895, 
Harper’s Bazaar p = 0.287). On a qualitative level, however, the trend dynamics of Vogue and Harper’s Bazaar 
matched our previous observations, showing varying rates of trend change over time.

Together, this indicates that color trends in fashion magazines can arise independently from each other and 
undergo non-random dynamics over time with unstable rates of change.

Modeling collective behavior with a population of bored individuals
In order to investigate the role of boredom for collective behavior, we devised an agent-based framework to 
model a population of individuals that repeatedly form decisions for behavioral alternatives from a circular 
space of variants. We use this framework to model the individuals’ fashion-related choice for clothing colors in a 
circular space (we emphasize a conceptual congruence with the analyses from Fig. 1, but for illustrative purpose 
switch to a circular hue color code in our next figures). Colors are expressed and processed as two-dimensional 
vectors, with the angle between them providing a measure for their dissimilarity (Fig. 2A, “Methods” section).

The model algorithm implements agents based on the analogy of a human that (i) on each morning has 
to choose a clothing color for the day, where clothing in all possible colors from the circular space is available 
(Fig. 2B-1). (ii) The individual has a limited memory of previously experienced colors and decides to dress in 
the average over all memorized colors (Fig. 2B-2). (iii) Next, as the individual is part of a larger population, it 
randomly samples the color that another agent is wearing (Fig. 2B-3). (iv) While sampling this other color, the 
individual compares it to its own current clothing color: If it is very similar to the own color, it is judged as bor-
ing, having a low impact on future decisions. However, if it is different from the own color, it is considered as 
interesting and has a higher impact on following choices (Fig. 2B-4). (v) Lastly, the sampled color is weighted by 
the degree of boredom it caused, and integrated in the individual’s memory (Fig. 2B-5).

For this model logic, individual agents are characterized by two attributes: First, a memory of a given size 
defining how many trials of the past affect an individual’s current choice. Second, a boredom term (boredom 
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Figure 2.   A model of individual boredom and collective fashion behavior: (A) Colors in a circular space are 
represented as a two-dimensional color vectors. The color value is given by the angle that this color vector 
forms with a fixed reference vector. The hue space is selected as an illustrative example for a circular color space. 
(B) The concept of color vectors is then used in an agent-based model, where single agents integrate multiple 
sampled colors, form individual decisions for a color variant and randomly interact with other individuals from 
the population. Each computational step is implemented for each individual from the population. The depicted 
manikin illustrates the analogy of a subject that iteratively makes fashion-related decisions such as choosing 
a color for clothing and sampling the colors that other individuals are wearing (see “Methods” section). (C) 
Sigmoid function which is used in the model to implement boredom as novelty-dependent decision-making. 
The function is constrained in its maximum and skewness, so that the only free parameter defining the boredom 
of an individual is x0, describing the function’s horizontal shift (high x0 values reflecting high boredom, low x0 
values reflecting low boredom). The depicted curve with x0 = 0.7 reflects an intermediate level of boredom.
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function) that defines how the current sample is weighted based on its difference from the current own color, 
before being transferred to the memory. Motivated by a previous human study15, we compute decision weight in 
the boredom function as a sigmoid of the angular difference between colors, such that low difference (i.e., high 
boredom) leads to low impact on an individual’s choice and vice versa (Fig. 2C, “Methods” section). In contrast to 
general frameworks of novelty-seeking which often rely on curiosity-based attractors31, our boredom parameter 
operates in a non-directed manner, facilitating choices which differ from the own current color, hence pushing 
individuals away from monotony. Shifting the boredom function horizontally along the axis of color difference 
(implemented by different values of the boredom function’s parameter x0) enabled us to simulate individuals 
with different degrees of boredom proneness (see Methods).

Utilizing this model, we then simulated the color choices in a homogenous population (ni = 200 individuals 
with memory size m = 12 trials, boredom function shift x0 = 0.7, nt = 2000 trials), and tested whether the collective 
behavior reflects the two characteristic features of fashion dynamics, namely an overrepresentation of a particular 
color at a given time point (trend), that however, is unstable and changes over time. We found that the few model 
parameters suffice to generate pronounced trends in the population (Fig. 3A,E). Furthermore, the population’s 
trend color (see “Methods” section) undergoes ongoing changes over trials, sampling the space of possible colors 
evenly (Fig. 3B,F; Kolmogorov-Smirnoff test for continuous uniform distribution: n = 100 randomly sampled 
trend colors, p = 0.303). Interestingly, the model also captures the observation from empirical color trends in 
fashion magazines, namely that the dynamics of trend colors is unsteady, showing longer periods of low trend 
change with intermittent short periods of high trial-to-trial change (Fig. 3C).

To obtain a metric that captures the coherence of color choices, representing the strength of a trend, we cal-
culated the uniformity as the length of the population’s summed color vector at a given time point normalized 
by the population size (see “Methods” section). We found that uniformity changes over time, reflecting that the 
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Figure 3.   A homogenous population with intermediate boredom exhibits reliable collective fashion trends: 
(A) Color choices over time of all simulated individuals with an intermediate boredom parameter (model 
parameters: 200 individuals, 2000 trials, memory size m = 12, boredom function shift x0 = 0.7). (B) Trend color 
of the population, computed as the summed color vector of all individuals on a given trial, over time. (C) Trend 
change speed, computed as the absolute trial-to-trial difference of the trend color in the population over time. 
(D) Uniformity of the population’s color choices over time, computed as the normalized length of the summed 
color vector over all individuals on a given trial. The dashed horizontal line indicates chance level uniformity 
(see Methods). The solid horizontal line indicates the maximal uniformity over all simulated trials. (E) Color 
distributions at two exemplary periods of the simulation (indicated by arrow heads in A, ni = 200 individuals). 
Upper panel: Low uniformity period with broadly distributed colors across individuals. Lower panel: High 
uniformity period with unimodal color distribution, matching the current trend color (vertical black bar). 
(F) Distribution of all trend colors of the simulation, where trend colors are evenly distributed across the 
circular color space (n = 2000 simulated trials). (G) Pearson correlation of the population’s uniformity and the 
population’s trend color change (n = 2000 simulated trials).
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homogeneity of color choices undergoes substantial fluctuations (Fig. 3D). During periods of high uniformity, 
a clear unimodal color trend was observed, whereas during periods of low uniformity, the population shows a 
vastly even distribution of colors (Fig. 3E). On most trials, however, the uniformity of the simulated population 
exceeds a chance threshold level obtained by randomly created color vectors (see “Methods” section). Interest-
ingly, when testing the relationship between uniformity and absolute change in the population’s trend color, we 
observed a remarkable negative correlation (Fig. 3G). This indicates that during an ongoing trend period with low 
trend color change, the population shows a high degree of uniformity. However, in periods of changing trends, 
the population diverges and individuals sample different parts of the color space, resulting in reduced uniformity.

Altering the degree of individual boredom critically affects collective trend behavior
In order to test how the different model parameters affect the simulated collective trend dynamics, we first 
investigated the effect of population size. Here, we found that large population sizes (in the range of 400–1000 
individuals with the above parameter settings) can affect how strongly trends are expressed in a population (Sup-
plementary Fig. 2A,B). The most pronounced fashion dynamic with moderate levels of uniformity was observed 
in intermediately sized populations (100–300 individuals), so that we conducted the following simulations using 
a population size of ni = 200 individuals, unless otherwise indicated.

We then investigated, how a manipulation of the population’s level of boredom affects fashion trend dynam-
ics. Therefore, we utilized the aforementioned parameter settings that led to robust and ongoing fashion trend 
cycles (see Fig. 3), and systematically varied the horizontal shift of the boredom function (parameter x0) for all 
individuals in the population in parallel (Fig. 4A, see “Methods” section). In order to simulate a population with 
low boredom, we utilized a small x0 value, shifting the boredom function to the left (Fig. 4B), whereas for simulat-
ing a highly bored population, we utilized a large x0 value, shifting the boredom function to the right (Fig. 4C).

Interestingly, we observed that a low level of boredom leads to a rapid convergence of the population’s color 
choices, resulting in complete uniformity together with a stagnancy of trend dynamics (Fig. 4D). In contrast, 
when increasing the degree of boredom in a population, color trends become more unsteady and random, 
reflected by a higher mean change of the population’s trend color and a lower maximal uniformity. This increas-
ing randomness impeded the development of trends per se (Fig. 4E, max. uniformity drops from 0.451 with 
x0 = 0.7 to 0.284 with x0 = 0.85 while chance uniformity is 0.153 (see “Methods” section)). A full disruption of any 
collective trend and levels of uniformity indistinguishable from chance were observed in an extreme simulation 
with high boredom (x0 = 0.9) and a very large (ni = 2000 individuals) population size (Supplementary Fig. 2C). 
Together, this demonstrates that boredom can play a critical role in navigating collective trend behavior between 
stagnancy and randomness.

To further characterize collective trend behavior across the parameter space, we systematically tested dif-
ferent combinations of the population’s memory size (m) and boredom (x0). As a general read-out of collective 
trend behavior, we computed the maximal uniformity observed in the respective simulation, since this measure 
allows reliable identification of convergence or high randomness in collective trend behavior (see “Methods” 
section). We found that the individual memory size and the boredom parameter x0 have opposing effects on 
collective trend behavior (Fig. 4F): As aforementioned, high boredom counteracts convergence, whereas a large 
memory size to integrate prior colors promotes convergence. These two antagonistic model parameters, when 
balanced, allow for functional fashion dynamics, where trends develop reliably but do not converge and can 
change over time.

As a measure for general turnover of fashion trends in the population, we further analyzed the mean trend 
color change in the population (Fig. 4G). Here, we observed a higher speed of trend changes predominantly in 
conditions with low memory size. The population’s degree of boredom also had a promoting, but comparably 
small effect on the speed of trend change.

Highly bored individuals prevent collective behavior from convergence to monotony
We next sought to test collective dynamics in a heterogeneous population with different degrees of boredom. 
For this purpose, we simulated collective trend behavior while constraining a fraction of individuals from the 
population to be highly bored (implemented by a boredom function parameter of x0 = 0.9, Fig. 5A, see “Meth-
ods” section).

We observed that a population with 20% highly bored individuals in a balanced model regime (parameters 
comparable to previous simulations) shows well-developed, ongoing trend dynamics (Fig. 5B). To specifically 
test the role of these highly bored individuals on population trends, we separately computed the trend color of 
the highly bored subgroup and the trend color in a random subsample of residual individuals of the same size. 
We then compared the trend colors from both subgroups to the trend color of the full population. We observed 
that highly bored individuals differ more strongly from the current population trend, indicating anti-conformist 
behavior in this subgroup (Fig. 5C, Wilcoxon signed rank test: n = 2000 trials, p < 5.5e−10). Interestingly, when 
computing the mean difference between the time-shifted full population trend and the trend of the highly 
bored or residual subgroup, we found that the highly bored subgroup has its difference minimum (i.e. the high-
est similarity) to population trends in the close future (Fig. 5D, see “Methods” section), indicating avantgarde 
behavior of highly bored individuals. In contrast, the residual population showed an overall lower difference 
from the full population trend due to its dominant share in the population, with a minimum at the current trial. 
Furthermore, the subgroup of highly bored individuals displayed a generally lower uniformity throughout the 
simulation (Fig. 5E, Wilcoxon signed rank test: n = 2000 trials, p = 1.2e−18). In order to assess the role of highly 
bored individuals on changes in the population trend, we computed an impact index to express the contribution 
that a single individual has made to drive the change in the population’s trend color on a given trial of the simu-
lation (see “Methods” section). This impact index is based on the frequency of being sampled by other agents 
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and the weight of this sample on their color choices in relation to the trend color. We found that the average 
impact index in highly bored individuals is positively correlated to the uniformity of the highly bored subgroup 
(Fig. 5F, nt = 2000 trials, Spearman’s Rho = 0.440, p < e−300). This indicates that the highly bored subpopulation, 
which in most phases of the simulation shows a comparably low uniformity, is most effective in influencing the 
population trend when transiently gaining a high degree of uniformity.
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boredom susceptibility among agents, whereas a left-shift (lower x0 parameter) simulates a lower boredom 
susceptibility. (B) Manipulated boredom function, used to simulate low boredom proneness in the modeled 
population. (C) Equivalent manipulation to simulate increased boredom proneness. (D) Simulated trend color 
dynamics in a population with low boredom proneness (boredom function of B, ni = 200 individuals, memory 
size m = 12). Upper panel: Individual color choices over trials with converge to a single color. Middle panel: 
Trend color of the population over time. Lower panel: Uniformity of the population over the simulated trials 
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Figure 5.   A subpopulation of highly bored individuals affects collective fashion trends: (A) Schematic, 
illustrating that a defined subset of individuals from the population is constrained to have high boredom 
(boredom function with x0 = 0.9). (B) Exemplary simulation with a fraction of 20% highly bored individuals 
(other model parameters: ni = 200 individuals, memory size m = 12, residual boredom x0 = 0.65). Upper panel: 
Individual color choices over trials, grouped according to highly bored (yellow bar) and residual individuals 
(gray bar). Middle panel: Trend colors of the subpopulations over time. Lower panel: Uniformity of the two 
subpopulations over time. (C) Absolute difference in the subpopulations’ trend colors from the full population’s 
trend color (n = 2000 trials, p value of a Wilcoxon signed-rank test is reported). (D) Mean absolute difference 
between the sequence of subgroup trend colors and the sequence of the full population trend colors, shifted 
for- and backwards in time. Shaded areas indicate the SEM (n = 2000 trials). (E) Uniformity between subgroups 
(n = 2000 trials, p-value refers to a Wilcoxon signed-rank test). (F) Pearson correlation between the uniformity 
of the highly bored subgroup and its impact on the population trend (see “Methods” section). (G) Maximal 
uniformity of simulations across the parameter space for populations with two fractions of highly bored 
individuals. The x0 value used for highly bored individuals is marked by an asterisk. The white frames are 
reproduced from Fig. 4F for comparison of the parameter conditions that lead to well pronounced trends with 
intermediate uniformity in a homogenous population of agents.
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To test the role of highly bored individuals in collective trend behavior over a wider parameter space, we 
again used the maximal uniformity observed in the respective simulation as a general read out. When starting 
from a homogeneous population and gradually increasing the fraction of highly bored individuals (see “Meth-
ods” section), we found that highly bored individuals prevent the convergence of trend behavior in parameter 
conditions that show convergence for a homogenous population, but also introduced random collective behavior 
for parameter combinations where clear trends were observed in a homogeneous population (Fig. 5G, Supple-
mentary Fig. 3). This shift in the space of parameter combinations with reliable fashion trend dynamics was not 
significantly different from a homogeneous population in which the boredom parameter x0 was similar to the 
average boredom in the heterogeneous population (Wilcoxon rank sum test: n = 120 simulation pairs, p = 0.088, 
see “Methods” section). Together, these observations suggest that the population trend predominantly changes 
during periods in which a subset of highly bored, anti-conform individuals behave more synchronously than 
residual individuals, hence safe-guarding the population from convergence and stagnancy.

Highly bored individuals can drive future population trends
In a next step, we tested the conditions in which a subgroup of highly bored individuals can influence upcom-
ing population trends. Therefore, we created a modified version of our model, where a small fraction (10%) of 
individuals were endowed with high boredom and a systematic drift that was added to their color choice on each 
trial, implemented as a fixed additional rotation of their chosen color vector (Fig. 6A, “Methods” section). We 
then tested, if the residual individuals, that did not possess a drift, were affected by the drift of the highly bored 
individuals. Based on our previous observations, we hypothesized that the effectiveness of propagating the drift 
to the residual population depends on the uniformity of the highly bored subgroup.

We started with a combination of parameters that resulted in pronounced trends and a comparable level of 
uniformity in both subgroups (Fig. 6B,C, Wilcoxon signed rank test: n = 2000 trials, p = 0.192). However, the 
superimposed drift in the choices of the subpopulation of highly bored individuals did not become obvious in 
the collective behavior of the residual population and the difference between the respective subgroup trend and 
the time-shifted population trend was comparable (Fig. 6D). When enforcing a higher level of uniformity (see 
“Methods” section) in the subgroup of highly bored individuals (Fig. 6E,G, Wilcoxon signed rank test: n = 2000 
trials, p = 2e−298), a systematic drift of their trend color became apparent that also propagated to the group of 
residual individuals (Fig. 6F). Comparing the difference between the respective subgroup trend and the time-
shifted population trend revealed that highly bored individuals dominate future population trends and display 
avantgarde behavior (Fig. 6H). Overall, a subpopulation of uniform and highly bored individuals can propagate a 
systematic drift to the trend of the residual subpopulation (Fig. 6I, Wilcoxon rank sum test: nsubset = 80 trials with 
intervals of 25 trials, p = 0.014). Thus, our findings suggest that highly bored individuals can drive population 
trends and act as trendsetters of the future when behaving uniformly within their subgroup.

Popularity amplifies the effect of highly bored individuals on a population
Based on the observation that trends in a highly uniform subgroup of individuals can propagate to the full 
population, we next explored a mechanism that enhances the impact of single individuals on the population. In 
particular, we implemented different degrees of popularity for some individuals in our model to test the effect of 
high popularity combined with different degrees of boredom on collective trend behavior.

Starting with a population in which all individuals have the same boredom parameter x0, we defined a 
subfraction (10%) of individuals to have high popularity, implemented as a tenfold higher likelihood of being 
sampled by other individuals compared to residual, non-popular individuals (Fig. 7A, “Methods” section). We 
found that also a population with a highly popular subgroup can develop marked color trends that cycle over 
time (Fig. 7B). Interestingly, although the uniformity of the highly popular subgroup was similar to the residual 
subgroup (Fig. 7C, Wilcoxon signed rank test: n = 2000 trials, p = 0.959), the highly popular individuals were 
much stronger in affecting upcoming color trends, indicating a trendsetting effect (Fig. 7D).

We next simulated collective trend behavior over the model parameter space with increasing fractions of 
highly popular individuals. We found that highly popular individuals can establish color trends in parameter 
regimes where random choices were dominating in a population with homogenous popularity (Fig. 7E, Sup-
plementary Fig. 4). Combining the aspects of popularity and boredom, we varied the degree of boredom for a 
fixed subpopulation of highly popular individuals (20%), independent from the residual population (Fig. 7F). 
We observed that highly popular individuals with low boredom lead to general convergence and disruption of 
trend sequences in the full parameter space which we explored. On the other hand, highly popular individuals 
that are strongly bored lead to reliable, non-convergent collective trend dynamics in many parts of the parameter 
space. In summary, this demonstrates that popularity and boredom can work together in controlling collective 
fashion behavior by intensifying trends and preventing convergence to monotony.

Discussion
In this study, our approach to model fashion is determined by two key criteria: First, the appearance of trends, 
reflected by an overrepresentation of particular colors at a given time point, and second, the instability of such 
trends over time. Investigating examples of color trends in fashion magazines, we observed that one out of three 
tested fashion magazines showed significant fashion dynamics, varying in their rates of change, with periods of 
stability alternating with shorter periods of high trend change. We recapitulate these features in an agent-based 
model of collective fashion trend behavior, emerging from the interaction of individual agents endowed with 
boredom as a central behavioral feature. In our model, boredom plays an essential role to counterbalance a 
memory parameter and thereby preventing the population to converge to a stable fixed point with full uniformity 
among individuals. Furthermore, we manipulate boredom in a subgroup of the population and find that highly 
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bored individuals show on average higher dispersion from the population trend, but specifically drive future 
population trends when acting coherently. High popularity, implemented as a higher probability of being sampled 
by other agents, can intensify this effect.

Most models of fashion behavior, including ours, distinguish intrinsic individual factors and extrinsic inter-
actional factors in order to simulate ongoing fashion dynamics24. Intrinsic properties were often implemented 
as a categorization of individuals into conformists that copy the behavior of others, or anti-conformists acting 
as innovators that generate novel behaviors25,26,32. Other models allow individuals to switch between different 
states—either adopting a trend or leaving it—over the course of a fashion cycle33. However, these approaches 
did not formulate cognitive mechanisms that could underlie the individual propensity to follow or omit a trend. 
With our model, we fill this gap and propose a comprehensive computational process to model dynamic choice 
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Figure 6.   Uniformly acting highly bored individuals can drive population trends: (A) Schematic of a 
population with highly bored individuals that possess a systematic drift. (B) Simulation of this condition 
(model parameters: ni = 200 individuals, 10% = 20 highly bored individuals with x0 = 0.9, boredom of residual 
population x0 = 0.75, memory size m = 10). Top: single individual color choices. Mid: Subpopulations’ trend 
colors over trials. Drift in highly bored individuals does not lead to a systematic drift in the subpopulations’ 
trend color. Bottom: Uniformity of both subpopulations over trials. (C) The uniformity between subgroups 
shows no significant difference (n = 2000 trials, p-value refers to Wilcoxon signed-rank test). (D) Mean absolute 
difference of the subpopulations’ trend colors to the full population trend colors, shifted over trials (n = 2000 
trials). Shaded areas indicate the SEM (n = 2000 trials). (E) Schematic of a population, where the highly bored 
individuals possess a drift and have a bias towards choosing uniformly within their subgroup (see “Methods” 
section). (F) Same as B but for the highly bored subpopulation that has a bias towards behaving uniformly. Here, 
the drift manifests in the highly bored subpopulation’s trend color and propagates to the residual individuals’ 
trend. (G) Distributions of uniformity for both subgroups confirm the systematic uniformity bias for the highly 
bored subgroup (n = 2000 trials, p-value refers to Wilcoxon signed-rank test). (H) Same as D, where the highly 
bored and uniform individuals predict population trends in the close future. (I) Comparison of the efficacy in 
propagating the drift of the highly bored subgroup to the residual subgroup. Distribution of the change in the 
residual subgroup’s trend color at steps of 25 trials (positive values indicate a trend change in the direction of the 
drift, negative values indicate a trend change in the opposite direction of the drift, data from nsubset = 80 trials, the 
reported p-value refers to a Wilcoxon rank sum test).
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Figure 7.   Higher popularity of highly bored individuals intensifies effects on collective trend dynamics. (A) 
Schematic illustrating that a defined subset of individuals from the population was constrained to have a high 
popularity (implemented as a likelihood to be sampled by others that was tenfold higher than for the residual 
individuals, see “Methods” section). The boredom function was homogenous across individuals. (B) Simulation 
of this condition (model parameters: ni = 200 individuals, 10% = 20 highly popular individuals, memory size 
m = 10, boredom of population x0 = 0.75). Top: Single individual color choices. Mid: Subpopulations’ trend colors 
over trials. Bottom: Uniformity of both subpopulations over trials. (C) Uniformity between subgroups, showing 
no significant difference (n = 2000 trials, p-value refers to Wilcoxon signed-rank test). (D) Mean absolute 
difference of the subpopulations’ trend colors to the time-shifted full population trend (n = 2000 trials). The 
highly popular subgroup predicts trends in the close future. (E) Maximal uniformity of simulations across the 
parameter space with two increasing fractions of highly popular individuals. The white frames are reproduced 
from Fig. 4F for comparison of the parameter conditions that lead to well pronounced trends with intermediate 
uniformity in a homogenous population of agents. (F) Maximal uniformity over parameter space simulations 
with the same conditions as in the right panel of E, but with a constrained boredom parameter x0 for the highly 
popular fraction of individuals. We gradually increased the degree of boredom in highly popular individuals.
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behavior based on individual experience. This bottom-up approach allows agents to continuously adjust their 
states based on current samples of the population trend, being either more conform with the trend or more 
against it. Thus, although different computational approaches to model fashion dynamics are certainly possible, 
our framework demonstrates that fashion can already emerge from a homogenous population of dynamically 
acting agents characterized by memory and boredom parameters that both have well-defined neurocognitive 
foundations17,18,34–41. Similar to agent-based models of other types of collective behavior42,43, our approach allows 
to generate hypotheses about the conditions that individuals need to meet in order to exhibit fashion dynamics, 
by specifically investigating the antagonistic roles of these two parameters on collective behavior44.

The individual memory of previously sampled colors from the population, determining the upcoming color 
choice of an agent, promotes homogeneity in the population, whereas boredom, implemented as a decreasing 
decision weight for sampled colors that are similar to the own choice, promotes heterogeneity. Manipulating 
both intrinsic individual parameters, we find that in particular boredom has crucial effects on collective fashion 
behavior: If collective boredom is high, the heterogeneity within a population at a given period is also high, 
even to the degree that any fashion trend can be disrupted. On the other side, if collective boredom is low, the 
population can converge to complete homogeneity, leading to a stagnancy of fashion trends. Thus, balanced 
levels of boredom are essential for the emergence of collective fashion behavior in our model. Besides boredom, 
the memory parameter of individual agents also affected collective fashion behavior in our model, in particular 
determining the speed by which color trends can change.

Our implementation of memory utilizes a moving time window for integrating past experiences, in line with 
classical concepts of statistical learning45,46. For the implementation of boredom, we rely on a parametric function 
to express the impact of an experience depending on its unpredictability15. Based on human studies that showed 
increased behavioral preference for novel stimuli47 and a dependence of choice behavior on the sensory infor-
mation content15, we apply a sigmoid boredom function that assigns a high decision weight to samples strongly 
deviating from prior experiences. Other, more complex functions describing individual boredom susceptibility 
could also be used to model fashion behavior in the future. A neural correlate of the boredom function in the 
brain can be found in the representation of unpredictability in dopaminergic prediction error signals48,49 and 
patterns of neural activity coding for the uncertainty of a current state50–52. Together, our model shows that 
individual cognitive and mental abilities can affect fashion trend cycles within a population.

To address the external and interactional factors which contribute to collective fashion trends, we simplify the 
agents’ sampling of others to a random process. Introducing heterogeneity in the sampling process by implement-
ing a subpopulation of highly popular individuals, we find a strong effect on collective trend dynamics by broadly 
propagating their own choices, hence increasing the population’s uniformity. Sampling in more complex network 
structures can in the future be readily implemented in our model allowing a more detailed investigation of exter-
nal, interactional factors of collective trends, such as varying information about the current collective state53.

In our model periods of relatively slow trend change alternate with periods of high trend change that are 
characterized by low uniformity in the population, suggesting a broad sampling of choice alternatives. Similar 
non-linearities in the change rates of collective behavior have been reported for opinion dynamics in humans54,55 
as well as for collective movement in non-human species56–58. Here, the exchange of information between indi-
viduals in the population and their social coherence have been identified to effectively mediate these trend 
dynamics54,55,59, where the influenceability of a population is highest during periods of divergence60. Moreover, 
neural dynamics of cortical representations are similarly characterized by alternating phases of stability and 
abrupt intermittent changes61,62. This observation integrates in the concept of neural metastability63 suggesting 
a delicate interplay of conformity and segregation in neuronal processes, that together determine individual 
switches in behavior.

Together, these findings indicate that there may be critical periods in which upcoming trends can be influ-
enced efficiently by promoting certain choice variants in the population. In our model, we investigated the role 
of a subgroup of highly bored individuals, that tend to be anti-conform with the current population trend. We 
observe that highly bored agents can drive population trends efficiently when making uniform, coherent choices. 
This aligns with other empirical observations64, suggesting that coherently acting, highly bored individuals can 
form an avantgarde in a population, influencing the trends of the future.

In our model, we simulate fashion trends in a circular space of behavioral alternatives given by a specific cir-
cular color spectrum. Despite mixed empirical evidence for color trends across different fashion magazines, we 
are able to account for aspects of non-random trend dynamics when projecting colors to a circular, perceptually 
even color subspace. However, a circular space is not appropriate for all behaviors that are affected by fashion 
trends. As such our model remains abstract and there may be multiple facets of fashion dynamics that will not 
be captured. For example, in our model the color space is evenly sampled over time, whereas we observed clear 
clusters of pale, reddish and dark trend colors in the data from fashion magazines. Moreover, as other factors, not 
covered in our model, might additionally affect fashion trends, our model does not attempt to explain collective 
fashions in all their details and hence needs to be interpreted non-exclusively. It rather proposes one agent-based 
solution with two elementary cognitive features that suffice to simulate trend dynamics and generate predictions 
about the role of individual features for collective behavior44. Hence, it is expected that the antagonistic principle 
of boredom and memory to shape collective trend behavior will translate also to other choice geometries and our 
model can provide a general framework to study fashion also in other contexts. For instance, boredom might 
constitute a relevant factor for information cascades in human opinion dynamics59,65, by affecting an individual’s 
affinity to exchange and communicate trend-related information with other individuals in a population55. This 
perspective is in line with previous investigations that characterized boredom as an internal signal to increase 
the information input to the brain15,66.

What is the empirical evidence that boredom may play a role in fashion? It is well established that bore-
dom, describing either a transient mental state, or the individual’s general proneness to become bored can vary 
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substantially among human individuals4,67–70. Furthermore, moderate boredom can have beneficial effects on 
individual behavior by enhancing exploration13,14,16, whereas high boredom is typically associated with dys-
functional behavior such as extensive risk seeking6,71,72. In line with this, previous research points out a link of 
boredom and anti-conformity-related constructs, such as innovativeness73 and creativity13,74 at an individual 
level. It therefore appears plausible that boredom may have an influence on the development of fashion trends.

Summarizing the observations of this study, our model leads to three main predictions: (i) The general level of 
boredom in a population affects the development of fashion trends. Thus, we expect that fashion markets, filled 
with individuals that are highly boredom prone, show faster and less coherent fashion cycles. (ii) Subgroups in 
the population can influence trends effectively when behaving coherently. Hence, a novel fashion variant should 
have the highest effect on future trends when being promoted in a coherent fraction of consumers during peri-
ods of changing population trends. (iii) Fashion trends can be highly affected by popular individuals with high 
boredom. Thus, popular persons with high boredom should be better predictors of upcoming fashion trends 
than popular persons with low boredom. We hope that with these predictions derived from our model, we set a 
starting point for further empirical studies which will be necessary to specifically unravel and validate the role 
of boredom on individuals decision-making and its impact on collective trends.

Here, we propose a generative and quantitative model that captures aspects of collective fashion behavior, 
with memory and boredom as main parameters. We demonstrate that in our model boredom can drive collective 
trend dynamics and shape future fashion trends, thus ensuring innovation and preventing stagnancy.

Methods
All analyses and simulation were conducted using the software MATLAB®, including the MATLAB® statistics 
and machine learning toolbox (The Mathworks Inc., Natick, Massachusetts, USA, version R2022a).

Analysis of trend colors in fashion magazines
In order to empirically test for color trends in popular fashion magazines, we extracted the dominant clothing 
color from the covers of three magazines that appear in a monthly rhythm: Cosmopolitan, Vogue and Harper’s 
Bazaar. We first acquired an image dataset with the monthly magazine covers for the time period from January 
2000 until April 2022. Images were collected by systematic research from the websites www.​pinte​rest.​com, www.​
images.​google.​com and www.​archi​ve.​vogue.​com. Next, we extracted the dominant RGB color code with a custom 
written MATLAB® software as the mean from a small representative area of interest on the respective cover image. 
These raw trend colors were then transformed into CIELAB colors with the built-in function rgb2lab. The 
CIELAB space provides a perceptually even space to characterize colors and their distances relative to each 
other30. For all trend colors in CIELAB space, pooled over magazines, we then conducted a principal component 
analysis to project colors onto the plane of the first two principal components, that explained the most variance 
in the color data (85.6%). Based on this projection plane, we then represented and processed colors as the clock-

wise angle between a fixed reference vector 
[

0
1

]

 and the two-dimensional color vector that connects the origin 

with the respective color coordinate. This procedure resulted in a projection of trend colors into a confined 
circular subspace of the CIELAB space (see Supplementary Fig. 1A, Fig. 1A,B).

Assessing the color trend over time
In order to analyze trends in circular color space over time, each color vector, connecting the origin and the 
coordinate of a given color in the principal component plane explaining most variance in the CIELAB space, 
was normalized to a length of 1. For the analyses of color trends in fashion magazines, the moving sum vector 
of the color vectors in a time bin of 8 months per magazine was computed and displayed. In our framework of 
color vectors this moving sum operation corresponds to building a moving average.

Assessing trend turnover
We sought to find a measure of how strongly color trends vary over time. For this purpose, we computed the 
speed of trend changes as the absolute angular step-by-step difference of the trend color over time (first deriva-
tive of trend color sequence). In a first step, this yielded absolute difference values in the range from 0 to +1. 
However, as we operationalized trend colors to be arranged in a circular space, we then adjusted the difference 
values to the color circle, where the highest possible difference (diametral vectors to opposite sides of the color 
circle) corresponds to an absolute difference angle of 1π (= 180°, Fig. 2A). Therefore, difference values > 0.5 were 
transformed by the operation 1-diff and later normalized by multiplying with a factor of 2, in order to obtain 
values in the range of 0 to + 1π for the trend change per trial. This procedure of processing empirical trend color 
changes was equivalent to our modeling procedures in the following steps (see “Methods” section below).

In order to test the statistical significance of the empirical color trend dynamics, we compared the distribution 
of trend changes from a given fashion magazine with the distribution of trend changes obtained after shuffling 
the respective trend color sequence randomly across time points (smoothening with the moving average was 
always applied after shuffling). A smaller average trend change of an empirical dataset compared to a shuffled 
one indicates non-random and temporally inter-dependent fashion dynamics. Applying a one-tailed Wilcoxon 
rank sum test to compare the empirical and shuffled condition against each other revealed statistical significance 
only for the trend dynamic of the Cosmopolitan (n = 267 trend changes, p = 0.007, Fig. 1F), but not for the Vogue 
(n = 267 trend changes, p = 0.895, Supplementary Fig. 1D) and Harper’s Bazaar (n = 267 trend changes, p = 0.287, 
Supplementary Fig. 1E). The observed non-random trend dynamics in the Cosmopolitan were robust against a 
Bonferroni-correction for multiple testing (corrected p = 0.021).

http://www.pinterest.com
http://www.images.google.com
http://www.images.google.com
http://www.archive.vogue.com
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Coherence of color trends across fashion magazines
In order to test the synchrony of color trends in the three different fashion magazines Cosmopolitan, Vogue and 
Harper’s Bazaar, we computed the uniformity of the mean trend color vector over magazines and compared it to 
the uniformity of trend color sequences that were shuffled over time. In analogy to our later model analyses, we 
computed uniformity across magazines on a given month as the length of the summed color vector over maga-

zines ( −→y , imag = [1,2,3]), normalized by the number of magazines (nmag = 3): uniformity =
||
∑3

imag=1
−→y imag

||

3  (Sup-
plementary Fig. 1B). Comparing the uniformity of empirical and shuffled trend color sequences did not reveal 
a significant difference, indicating independent fashion dynamics across magazines (Supplementary Fig. 1C, 
Wilcoxon rank sum test: n = 268 trend colors, p = 0.296).

Detailed description and implementation of the boredom‑fashion model
We propose an agent-based model to simulate choice behavior of a population of individuals over a sequence 
of points in time. We apply the model to fashion behavior, namely the repeated choice for colors from a circular 
space (Fig. 2A). Despite this focus on fashion and color, the model’s principles are generalizable to other domains 
of behavior which comprise a circular space of alternatives.

Specifically, we model the fashion choice behavior of each individual i within a population of ni individuals 
over the sequence of trials t = 1,2,3,…,nt (discrete time). For this modeling of fashion, each individual agent on 
each trial forms a choice of a clothing color based on memorized colors that it has sampled in the past. Then, 
the agent interacts randomly with another agent from the population, sampling and memorizing its current 
clothing color. The impact of each sampled color on following choices is determined by the degree of boredom 
it elicits (expressed as similarity to the own color choice; a visualization of this analogy is provided in Fig. 2B).

Thus, single-agent behavior on each trial comprises two processes: first, an individual output (the current 
choice for one color as the average of previously sampled colors), and second, reception of an input (the sampled 
clothing color of a random other individual from the population) that will affect the output on the next trial. For 
these processes, each individual is characterized by two parameters: (i) a memory capacity m that defines the 
number of previously sampled colors which affect the current choice (describing how many past samples are 
integrated into the current color choice), and (ii) a boredom term w(d) that weights a currently sampled input 
color by the dissimilarity d from the own current color (describing how susceptible an individual is to be bored 
by a given color difference). The variant space for the individual decision (different colors) is a circular color 
space in which diametral colors have the highest dissimilarity. In this framework, a specific color can be expressed 

as the angle θ between a vector −→x  representing the color and the fixed reference vector 
[

0
1

]

 on the unit circle 

(Fig. 2A):

Accordingly, color vectors are used to represent chosen and sampled clothing colors in the model.
The model algorithm comprises the following computations on each trial.
Step 0 The memories of all agents are initialized with random color vectors with length = 1, hence setting a 

random starting point for following trials.
Step 1 An individual agent’s color choice −→y  on the current trial t is expressed as the sum of all color vectors 

−→xj  in this agent’s memory:

where j = 1,2,…,m is indexing the previous m trials t-m, t-m + 1,…, t−1. (for the first trials referring to the random 
initialization) (Fig. 2B-1,2).

Step 2 The respective agent i interacts with a random other agent i* and samples this other agent’s current 
color vector −→zi =

−→yi∗ as input (Fig. 2B-3). The sampled input color vector −→z  of the respective individual is then 
weighted by a boredom function w(d) , relative to the individual’s own current color −→y (Fig. 2B-4).

Step 3 The weighted sampled input color vector w(d)−→z  is then stored in the agent’s memory list of vectors −→xj  
at index j = 1, where all other samples from the previous trials are shifted by one index, dropping out the color 
vector which is furthest in the past (Fig. 2B-5).

The steps 1–3 are iteratively repeated for all individuals in the population, and in a hierarchically higher 
loop also for all trials of the simulation. Since the presented output color −→y  on the next trial is computed as 
the sum over all sampled color vectors in the memory, those colors that yielded a higher difference from the 
chosen color will have a higher decision weight (i.e., a greater length) and hence will have a stronger impact on 
subsequent choices.

Boredom function
The boredom function serves the implementation of boredom in the modeled agents, characterized by an aver-
sion towards monotony4. It is designed in a way that monotonous samples (i.e. with a low difference between 
output and input color) have only a low impact (weight) on an agent’s future decisions, whereas samples with 
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much novelty (i.e. high difference between output and input color) have a high impact on an individual’s future 
decisions. Importantly, this implementation of boredom does not direct an agent’s choice to any specific attrac-
tor, which would be typical for curiosity-based frameworks31,75,76. It rather acts as a non-directed ‘push factor’ 
that drives an agent’s choices away from its prior experience15. The degree of monotony vs. novelty of a given 
sampled input color is computed as the angle δ between the chosen output color vector −→y  and the sampled input 
color vector −→z  on the current trial

This angle δ is then normalized to the maximally possible difference angle between diametral color vectors 
( π ), yielding the difference score d, ranging from 0 to 1 in units of π (see Fig. 2B-4)

For the boredom function, we apply an increasing sigmoid. This function w(d) maps a given value of dif-
ference d between sampled input and own choice onto a decision weight w, expressing how much the current 
sample will affect future decisions. The sigmoid function relies on the empirical observation that boredom-related 
aversion increases non-linearly with the degree of monotony in a situation15. The sigmoid boredom function is 
formulated as

where x0 indicates the shift of the function along the abscissa reflecting d. Here, high x0 values correspond to a 
right-shifted sigmoid, reflecting high boredom proneness (i.e., high decision weights are only reached for samples 
that contain much novelty and hence have a high d value), whereas low x0 values would correspond to a left-
shifted sigmoid, reflecting low boredom proneness (i.e., high decision weights are obtained already for samples 
with little novelty, hence having a low d value). The maximum and skewness of the function are constrained in 
order to specifically test the effect of shifting the boredom function horizontally in order to simulate different 
levels of boredom.

The respective decision weight w(d) is then used as a scaling factor for the length of the sampled input vector 
−→z  (see above).

Computing uniformity
The uniformity within the population on a given trial is computed as the normalized length of the summed color 
vector of all individuals i = 1,2,…,ni. Specifically, for a given trial, all presented color vectors −→yi  are scaled to have 
a length = 1. Then, uniformity is calculated as

In order to estimate the degree of uniformity that we observed in a model simulation, we further estab-
lished a threshold that describes the uniformity that can be expected by chance. For this purpose, we created 
a distribution over 10,000 iterations where we instantiated random color vectors for all simulated individuals 
(ni = 200) and then computed the uniformity over those random vectors. This led to a distribution of 10,000 
uniformity scores. We then chose the uniformity threshold according to the 99th percentile of this distribution 
(uniformitythreshold = 0.153).

Introducing heterogeneity in the population and probing the parameter space
In order to investigate the effects of highly bored individuals and highly popular individuals on the population 
trend dynamics, we explored model simulations in the space of different parameter combinations.

First, we simulated a homogenous population. Here, we constrained the population size (ni = 200 individuals) 
and the number of trials (nt = 2000), while systematically altering the population’s memory size m and horizontal 
shift of the boredom function x0. The maximal uniformity of each simulation was used as main read-out for the 
trend dynamic of the respective parameter combination. This maximal value reflects how reliably a population 
develops color trends. The maximum has the advantage over average measures to capture a convergence of trend 
colors, even if this convergence might occur only at the end of a simulation—a scenario where the average over 
trials would be overshadowed by the majority of trials before convergence, hence underestimating the uniform-
ity of the population.

In addition, we computed the mean absolute speed of change of the population’s trend color (in units of pi) 
in order to obtain a measure of general turnover of color trends. In the domain of fashion behavior, this measure 
could reflect how much a population on average cycles their fashion items.

Changing the fraction of highly bored individuals
Starting from a condition where all individuals have equivalent attributes, we systematically increased the frac-
tion of highly bored individuals, implemented as individuals whose boredom function was characterized by a 
shift of x0 = 0.9. For each given fraction of highly bored individuals, we simulated choice behavior in the same 
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parameter space as for the naïve model (all individuals and seeds are equivalent), by changing the memory size 
and x0 parameter of the residual population. The difference between each subpopulation’s trend color and the 
full population trend color was computed independently for both subgroups, where the residual subgroup was 
constrained to a random subsample of the same size as the highly bored subgroup. Furthermore, we computed 
uniformity for both subgroups.

In order to compare how the trend uniformity in a heterogeneous population with a defined fraction of 
highly bored agents relates to the uniformity in a homogenous population with comparable average boredom, we 
selected all fields from the parameter space matrices under both conditions that had equivalent mean boredom 
parameters (x0) and the same memory (m). For instance, the field in the parameter space matrix of the heter-
ogenous population with m = 12 , x0_residual = 0.65 and 20% highly bored individuals with x0_highBoredom = 0.9 
displayed an average boredom parameter of x0_mean = 0.8× 0.65+ 0.2× 0.9 = 0.7 and hence was compared 
to the field in the parameter space matrix of the homogenous population with m = 12 and x0 = 0.7 . For all 
equivalent parameter combinations between the two matrices, we built the differences and compared them in a 
Wilcoxon rank sum test against a median of zero.

Quantifying the relationship of subgroup trends and the full population trend
We aimed to test the effect of a specific subgroup in the population (e.g., a highly bored subpopulation) on the 
trend of the full population. Therefore, we quantified the trend color sequence over all trials for the respective 
subgroup and for the full population. Then, we computed the mean difference between the subgroup’s trend color 
sequence with the trend color sequence of the full population (mean difference over n = 2000 trials). We repeated 
this procedure with permuted versions of the trend sequence of the full population, that we shifted in time by a 
specific number of trials (lag ranging from − 30 to + 30 trials, covering time-shifts into the past and future). By 
finding the difference minimum over time-shifts, this analysis allowed an investigation of the time period in the 
full population trend sequence that was most similar to the subgroup trend on a reference time point.

Quantifying the impact of single individuals on changes in the population trend
In order to assess the impact of a single simulated agent on changes in the population trend, we computed an 
impact index based on how often a given individual was sampled by others and based on the weight that this 
sampling had on other individuals’ decisions. Specifically, the impact index for an agent i, that chose the color 
vector −→y  on a given trial t was computed as

where, nj indicates the number of other individuals that sampled agent i, wj

(

dy
)

 denotes the decision weight that 
each of these other individuals attributed to the sample of −→y  and −→st+1 reflects the full population’s trend color 
(summed color vector) on the upcoming trial t + 1. This metric is expressing the aggregate change of the trend 
color that an individual induces in the population with its choice on a given time point. A high impact index 
hence reflects a strong effect of a given individual on changing the population trend, whereas a low value reflects 
a low effect on changing the population trend.

Testing the impact of a systematic choice drift in a highly bored subpopulation
We aimed to test how effective a subgroup of highly bored individuals can affect and potentially drive color 
trends in the residual population. Therefore, we modified our model such that the color choice of each indi-
vidual from the highly bored subgroup was unidirectionally drifting in the color space by a fixed value. This was 
implemented by rotating each high-boredom individual’s color vector on each trial by 17° clockwise around the 
origin. This rotation was added to the basic sampling and weighting of other individuals’ colors, hence leaving the 
choice principles of the model intact. We then tested in how far the systematic drift of highly bored individuals 
propagated and induced changes in the subgroup of residual individuals that did not possess any color drift. For 
this purpose, we compared the change between residual trend colors at intervals of 25 trials. This change was 
expressed in units of π as described above for the angle between color vectors, and had a positive value if it was 
matching the direction of drift in the highly bored subgroup, whereas a negative value indicated an oppositional 
direction compared to the drift in the highly bored subgroup. Two conditions were simulated: first, a subgroup of 
highly bored individuals with drift, and second, a subgroup of highly bored and uniform individuals with drift. 
Here, the bias towards high uniformity was implemented by adding the summed color vector, computed over 
all highly bored individuals, to these individuals’ color choices on each trial. In order to ensure a fixed impact 
on each trial, this added subpopulation trend vector was weighted by a factor that scaled it to 40% of the current 
color vector, computed over all memorized items.

Changing the fraction of highly popular individuals
High popularity was implemented by changing the probability for a given individual of being sampled by oth-
ers (meaning that other individuals on a given trial sample this agent’s current color). The probability of being 
sampled by others for highly popular individuals was set to be tenfold the probability of being sampled for the 
non-popular, residual individuals.

In order to test the conformity of individuals with the population trend we conducted an analogous analysis 
as described above, comparing the highly popular and residual subgroup trends against the full population trend.
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Changing the degree of boredom in highly popular individuals
In order to test the effect of high boredom in individuals with high popularity, we combined both previous 
approaches. For specific subpopulations of highly popular individuals, we systematically varied the boredom 
parameter x0. The memory size and boredom attribute of the residual population were kept constant for a given 
simulation, where different simulations were conducted to systematically explore the parameter space, in line 
with the analyses mentioned above.

Statistical tests
We followed a combination of approaches in order to test the statistical reliability of our findings. All procedures 
are in detail explained in the respective section of the main text. The correlation between uniformity within a 
population and the speed of trend color changes was probed using Pearson correlation. The relationship between 
individuals’ uniformity and their impact on population trends was quantified using Spearman correlation. In 
order to test for group differences, we conducted Wilcoxon signed rank tests or Wilcoxon rank sum tests.

Data availability
The data and model code of this study is available from the corresponding authors upon reasonable request.

Received: 27 July 2023; Accepted: 17 November 2023

References
	 1.	 Cummings, M. L., Gao, F. & Thornburg, K. M. Boredom in the workplace: A new look at an old problem. Hum. Factors 58, 279–300. 

https://​doi.​org/​10.​1177/​00187​20815​609503 (2016).
	 2.	 Brooks, S. K. et al. The psychological impact of quarantine and how to reduce it: Rapid review of the evidence. The Lancet 395, 

912–920. https://​doi.​org/​10.​1016/​S0140-​6736(20)​30460-8 (2020).
	 3.	 Sundberg, N. D., Latkin, C. A., Farmer, R. F. & Saoud, J. Boredom in young adults. Gend. Cult. Compar. 22, 209–223. https://​doi.​

org/​10.​1177/​00220​22191​222003 (1991).
	 4.	 Eastwood, J. D., Frischen, A., Fenske, M. J. & Smilek, D. The unengaged mind: Defining boredom in terms of attention. Perspect. 

Psychol. Sci. 7, 482–495. https://​doi.​org/​10.​1177/​17456​91612​456044 (2012).
	 5.	 Westgate, E. C. & Wilson, T. D. Boring thoughts and bored minds: The MAC model of boredom and cognitive engagement. Psychol. 

Rev. 125, 689–713. https://​doi.​org/​10.​1037/​rev00​00097 (2018).
	 6.	 Drody, A. C., Hicks, L. J. & Danckert, J. Boredom proneness and rule-breaking: A persistent relation one year into the COVID-19 

pandemic. Behav. Sci. 12, 251 (2022).
	 7.	 Horrey, W. J., Lesch, M. F., Garabet, A., Simmons, L. & Maikala, R. Distraction and task engagement: How interesting and boring 

information impact driving performance and subjective and physiological responses. Appl. Ergonom. 58, 342–348. https://​doi.​
org/​10.​1016/j.​apergo.​2016.​07.​011 (2017).

	 8.	 Bonnaire, C. & Barrault, S. Are online poker problem gamblers sensation seekers? Psychiatry Res. 264, 310–315. https://​doi.​org/​
10.​1016/j.​psych​res.​2018.​03.​024 (2018).

	 9.	 Windle, R. C. & Windle, M. Adolescent precursors of young adult drinking motives. Addict. Behav. 82, 151–157. https://​doi.​org/​
10.​1016/j.​addbeh.​2018.​03.​002 (2018).

	10.	 Pironti, V. A., Lai, M. C., Muller, U., Bullmore, E. T. & Sahakian, B. J. Personality traits in adults with attention-deficit hyperactivity 
disorder and their unaffected first-degree relatives. BJPsych Open 2, 280–285. https://​doi.​org/​10.​1192/​bjpo.​bp.​116.​003608 (2016).

	11.	 Ferrell, E. L., Watford, T. S. & Braden, A. Emotion regulation difficulties and impaired working memory interact to predict boredom 
emotional eating. Appetite 144, 104450. https://​doi.​org/​10.​1016/j.​appet.​2019.​104450 (2020).

	12.	 Yu, Y., Chang, A. Y. C. & Kanai, R. Boredom-driven curious learning by homeo-heterostatic value gradients. Front. Neurorobot. 
12, 88. https://​doi.​org/​10.​3389/​fnbot.​2018.​00088 (2019).

	13.	 Gomez-Ramirez, J. & Costa, T. Boredom begets creativity: A solution to the exploitation-exploration trade-off in predictive coding. 
Biosystems. https://​doi.​org/​10.​1016/j.​biosy​stems.​2017.​04.​006 (2017).

	14.	 Bench, S. W. & Lench, H. C. On the function of boredom. Behav. Sci. 3, 459–472. https://​doi.​org/​10.​3390/​bs303​0459 (2013).
	15.	 Seiler, J. P. H., Dan, O., Tüscher, O., Loewenstein, Y. & Rumpel, S. Experienced entropy drives choice behavior in a boring decision-

making task. Sci. Rep. 12, 3162. https://​doi.​org/​10.​1038/​s41598-​022-​06861-w (2022).
	16.	 Bieleke, M., Ripper, L., Schüler, J. & Wolff, W. Boredom is the root of all evil-or is it? A psychometric network approach to individual 

differences in behavioural responses to boredom. R. Soc. Open Sci. 9, 211998 (2022).
	17.	 Meagher, R. K. & Mason, G. J. Environmental enrichment reduces signs of boredom in caged mink. PLoS ONE 7, e49180. https://​

doi.​org/​10.​1371/​journ​al.​pone.​00491​80 (2012).
	18.	 Burn, C. C. Bestial boredom: A biological perspective on animal boredom and suggestions for its scientific investigation. Anim. 

Behav. 130, 141–151. https://​doi.​org/​10.​1016/j.​anbeh​av.​2017.​06.​006 (2017).
	19.	 Sproles, G. B. Analyzing fashion life cycles: Principles and perspectives. J. Market. 45, 116–124. https://​doi.​org/​10.​2307/​12514​79 

(1981).
	20.	 Wong, M. Y., Zhou, Y. & Xu, H. Twenty-Second Americas Conference on Information Systems (2016).
	21.	 Gijsenij, A. et al. Analyzing a decade of colors of the year. Color Res. Appl. 46, 258–270. https://​doi.​org/​10.​1002/​col.​22566 (2021).
	22.	 Belleau, B. D. Cyclical fashion movement: Women’s day dresses: 1860–1980. Cloth. Text. Res. J. 5, 15–20 (1987).
	23.	 Yoganarasimhan, H. Identifying the presence and cause of fashion cycles in data. J. Market. Res. 54, 5–26. https://​doi.​org/​10.​1509/​

jmr.​15.​0119 (2017).
	24.	 Miller, C. M., Mcintyre, S. H. & Mantrala, M. K. Toward formalizing fashion theory. J. Market. Res. 30, 2. https://​doi.​org/​10.​1177/​

00222​43793​030002 (1993).
	25.	 Bentley, R. A., Lipo, C. P., Herzog, H. A. & Hahn, M. W. Regular rates of popular culture change reflect random copying. Evol. 

Hum. Behav. 28, 151–158. https://​doi.​org/​10.​1016/j.​evolh​umbeh​av.​2006.​10.​002 (2007).
	26.	 Cao, Z., Qin, C.-Z., Yang, X. & Zhang, B. A heterogeneous network game perspective of fashion cycle. SSRN Electron. J. https://​

doi.​org/​10.​2139/​ssrn.​22600​25 (2013).
	27.	 Sundström, M., Hjelm-Lidholm, S. & Radon, A. Clicking the boredom away—Exploring impulse fashion buying behavior online. 

J. Retail. Consumer Serv. 47, 150–156. https://​doi.​org/​10.​1016/j.​jretc​onser.​2018.​11.​006 (2019).
	28.	 Chater, N. & Loewenstein, G. The under-appreciated drive for sense-making. J. Econom. Behav. Organ. 126, 137–154. https://​doi.​

org/​10.​1016/j.​jebo.​2015.​10.​016 (2016).
	29.	 Zhang, J., Qu, Q. & Chen, X.-B. A review on collective behavior modeling and simulation: Building a link between cognitive 

psychology and physical action. Appl. Intell. 53, 25954–25983. https://​doi.​org/​10.​1007/​s10489-​023-​04924-7 (2023).

https://doi.org/10.1177/0018720815609503
https://doi.org/10.1016/S0140-6736(20)30460-8
https://doi.org/10.1177/0022022191222003
https://doi.org/10.1177/0022022191222003
https://doi.org/10.1177/1745691612456044
https://doi.org/10.1037/rev0000097
https://doi.org/10.1016/j.apergo.2016.07.011
https://doi.org/10.1016/j.apergo.2016.07.011
https://doi.org/10.1016/j.psychres.2018.03.024
https://doi.org/10.1016/j.psychres.2018.03.024
https://doi.org/10.1016/j.addbeh.2018.03.002
https://doi.org/10.1016/j.addbeh.2018.03.002
https://doi.org/10.1192/bjpo.bp.116.003608
https://doi.org/10.1016/j.appet.2019.104450
https://doi.org/10.3389/fnbot.2018.00088
https://doi.org/10.1016/j.biosystems.2017.04.006
https://doi.org/10.3390/bs3030459
https://doi.org/10.1038/s41598-022-06861-w
https://doi.org/10.1371/journal.pone.0049180
https://doi.org/10.1371/journal.pone.0049180
https://doi.org/10.1016/j.anbehav.2017.06.006
https://doi.org/10.2307/1251479
https://doi.org/10.1002/col.22566
https://doi.org/10.1509/jmr.15.0119
https://doi.org/10.1509/jmr.15.0119
https://doi.org/10.1177/0022243793030002
https://doi.org/10.1177/0022243793030002
https://doi.org/10.1016/j.evolhumbehav.2006.10.002
https://doi.org/10.2139/ssrn.2260025
https://doi.org/10.2139/ssrn.2260025
https://doi.org/10.1016/j.jretconser.2018.11.006
https://doi.org/10.1016/j.jebo.2015.10.016
https://doi.org/10.1016/j.jebo.2015.10.016
https://doi.org/10.1007/s10489-023-04924-7


17

Vol.:(0123456789)

Scientific Reports |        (2023) 13:20480  | https://doi.org/10.1038/s41598-023-47749-7

www.nature.com/scientificreports/

	30.	 Colorimetry, C. Report No: Cie Pub No 15. (CIE Central Bureau, 2004).
	31.	 Gottlieb, J., Oudeyer, P. Y., Lopes, M. & Baranes, A. Information-seeking, curiosity, and attention: Computational and neural 

mechanisms. Trends Cogn. Sci. 17, 585–593. https://​doi.​org/​10.​1016/j.​tics.​2013.​09.​001 (2013).
	32.	 Di Giovinazzo, V. & Naimzada, A. A model of fashion: Endogenous preferences in social interaction. Econom. Modell. 47, 12–17. 

https://​doi.​org/​10.​1016/j.​econm​od.​2014.​12.​029 (2015).
	33.	 Bae, H.-O., Cho, S. Y., Yoo, J. & Yun, S.-B. (arXiv, 2023).
	34.	 Olton, D. S. & Samuelson, R. J. Remembrance of places passed: Spatial memory in rats. J. Exp. Psychol. Anim. Behav. Process. 2, 

97–116. https://​doi.​org/​10.​1037/​0097-​7403.2.​2.​97 (1976).
	35.	 Jarrard, L. E. On the role of the hippocampus in learning and memory in the rat. Behav. Neural Biol. 60, 9–26. https://​doi.​org/​10.​

1016/​0163-​1047(93)​90664-4 (1993).
	36.	 Liu, X. et al. Optogenetic stimulation of a hippocampal engram activates fear memory recall. Nature 484, 381–385. https://​doi.​

org/​10.​1038/​natur​e11028 (2012).
	37.	 Mieske, P. et al. Bored at home?—A systematic review on the effect of environmental enrichment on the welfare of laboratory rats 

and mice. Front. Vet. Sci. 9, 219 (2022).
	38.	 Isacescu, J. & Danckert, J. Exploring the relationship between boredom proneness and self-control in traumatic brain injury (TBI). 

Exp. Brain Res. 236, 2493–2505. https://​doi.​org/​10.​1007/​s00221-​016-​4674-9 (2018).
	39.	 Danckert, J. & Merrifield, C. Boredom, sustained attention and the default mode network. Exp. Brain Res. https://​doi.​org/​10.​1007/​

s00221-​016-​4617-5 (2016).
	40.	 Dal Mas, D. E. & Wittmann, B. C. Avoiding boredom: Caudate and insula activity reflects boredom-elicited purchase bias. Cortex 

92, 57–69. https://​doi.​org/​10.​1016/j.​cortex.​2017.​03.​008 (2017).
	41.	 Perone, S., Weybright, E. & Anderson, A. Over and over again: Changes in frontal EEG asymmetry across a boring task. Psycho-

physiology 56, 13427. https://​doi.​org/​10.​1111/​psyp.​13427 (2019).
	42.	 de Mooij, J. et al. A framework for modeling human behavior in large-scale agent-based epidemic simulations. Simulation. https://​

doi.​org/​10.​1177/​00375​49723​11848​98 (2023).
	43.	 Cedeno-Mieles, V. et al. Proc. 2019 IEEE/ACM International Conference on Advances in Social Networks Analysis and Mining 

357–364 (Association for Computing Machinery, 2020).
	44.	 Ouellette, N. T. & Gordon, D. M. Goals and limitations of modeling collective behavior in biological systems. Front. Phys. 9, 823 

(2021).
	45.	 Sherman, B. E., Graves, K. N. & Turk-Browne, N. B. The prevalence and importance of statistical learning in human cognition and 

behavior. Curr. Opin. Behav. Sci. 32, 15–20. https://​doi.​org/​10.​1016/j.​cobeha.​2020.​01.​015 (2020).
	46.	 Endress, A. D., Slone, L. K. & Johnson, S. P. Statistical learning and memory. Cognition 204, 104346. https://​doi.​org/​10.​1016/j.​

cogni​tion.​2020.​104346 (2020).
	47.	 Bench, S. W. & Lench, H. C. Boredom as a seeking state: Boredom prompts the pursuit of novel (even negative) experiences. Emo-

tion. https://​doi.​org/​10.​1037/​emo00​00433 (2018).
	48.	 Schultz, W., Dayan, P., Fau-Montague, P. R. & Montague, P. R. A neural substrate of prediction and reward. Science 275, 1593 

(1997).
	49.	 Bunzeck, N. & Düzel, E. Absolute coding of stimulus novelty in the human substantia nigra/VTA. Neuron 51, 369–379. https://​

doi.​org/​10.​1016/j.​neuron.​2006.​06.​021 (2006).
	50.	 Kepecs, A., Uchida, N., Zariwala, H. A. & Mainen, Z. F. Neural correlates, computation and behavioural impact of decision con-

fidence. Nature 455, 227–231. https://​doi.​org/​10.​1038/​natur​e07200 (2008).
	51.	 Monosov, I. E. & Hikosaka, O. Selective and graded coding of reward uncertainty by neurons in the primate anterodorsal septal 

region. Nat. Neurosci. 16, 756–762. https://​doi.​org/​10.​1038/​nn.​3398 (2013).
	52.	 Starkweather, C. K., Gershman, S. J. & Uchida, N. The medial prefrontal cortex shapes dopamine reward prediction errors under 

state uncertainty. Neuron 98, 616–629. https://​doi.​org/​10.​1016/j.​neuron.​2018.​03.​036 (2018).
	53.	 Couzin, I. D. et al. Uninformed individuals promote democratic consensus in animal groups. Science 334, 1578–1580. https://​doi.​

org/​10.​1126/​scien​ce.​12102​80 (2011).
	54.	 Moussaïd, M., Kämmer, J. E., Analytis, P. P. & Neth, H. Social influence and the collective dynamics of opinion formation. PLoS 

ONE 8, e78433. https://​doi.​org/​10.​1371/​journ​al.​pone.​00784​33 (2013).
	55.	 Chong, D. & Druckman, J. N. Dynamic public opinion: Communication effects over time. Am. Polit. Sci. Rev. 104, 663–680. https://​

doi.​org/​10.​1017/​S0003​05541​00004​93 (2010).
	56.	 Miller, N. Y. & Gerlai, R. Oscillations in shoal cohesion in zebrafish (Danio rerio). Behav. Brain Res.193, 148–151. https://​doi.​org/​

10.​1016/j.​bbr.​2008.​05.​004 (2008).
	57.	 Ginelli, F. et al. Intermittent collective dynamics emerge from conflicting imperatives in sheep herds. Proc. Natl. Acad. Sci. 112, 

12729–12734. https://​doi.​org/​10.​1073/​pnas.​15037​49112 (2015).
	58.	 Ioannou, C. C. & Laskowski, K. L. A multi-scale review of the dynamics of collective behaviour: From rapid responses to ontogeny 

and evolution. Philos. Trans. R. Soc. B Biol. Sci. 378, 20220059. https://​doi.​org/​10.​1098/​rstb.​2022.​0059 (2023).
	59.	 Bikhchandani, S., Hirshleifer, D. & Welch, I. A theory of fads, fashion, custom, and cultural change as informational cascades. J. 

Polit. Econ. 100, 992–1026 (1992).
	60.	 Vande Kerckhove, C. et al. Modelling influence and opinion evolution in online collective behaviour. PLoS ONE 11, e0157685. 

https://​doi.​org/​10.​1371/​journ​al.​pone.​01576​85 (2016).
	61.	 Bathellier, B., Ushakova, L. & Rumpel, S. Discrete neocortical dynamics predict behavioral categorization of sounds. Neuron 76, 

435–449. https://​doi.​org/​10.​1016/j.​neuron.​2012.​07.​008 (2012).
	62.	 Aschauer, D. F. et al. Learning-induced biases in the ongoing dynamics of sensory representations predict stimulus generalization. 

Cell Rep. 38, 110340. https://​doi.​org/​10.​1016/j.​celrep.​2022.​110340 (2022).
	63.	 Tognoli, E. & Kelso, J. A. S. The metastable brain. Neuron 81, 35–48. https://​doi.​org/​10.​1016/j.​neuron.​2013.​12.​022 (2014).
	64.	 Boos, M., Pritz, J., Lange, S. & Belz, M. Leadership in moving human groups. PLoS Comput. Biol. 10, e1003541. https://​doi.​org/​

10.​1371/​journ​al.​pcbi.​10035​41 (2014).
	65.	 Fatas-Villafranca, F., Saura, D. & Vazquez, F. J. A dynamic model of public opinion formation. J. Public Econom. Theory 13, 417–441. 

https://​doi.​org/​10.​1111/j.​1467-​9779.​2011.​01506.x (2011).
	66.	 Geana, A., Wilson, R. C., Daw, N. D. & Cohen, J. D. Boredom, information-seeking and exploration. Cogn. Sci. 1, 6 (2016).
	67.	 Isacescu, J., Struk, A. A. & Danckert, J. Cognitive and affective predictors of boredom proneness. Cogn. Emot. 31, 1741–1748. 

https://​doi.​org/​10.​1080/​02699​931.​2016.​12599​95 (2017).
	68.	 van Hooft, E. A. J. & van Hooff, M. L. M. The state of boredom: Frustrating or depressing? Motiv. Emot. 42, 931–946. https://​doi.​

org/​10.​1007/​s11031-​018-​9710-6 (2018).
	69.	 Abramson, E. E. & Stinson, S. G. Boredom and eating in obese and non-obese individuals. Addict. Behav. 2, 181–185 (1977).
	70.	 Danckert, J. & Elpidorou, A. In search of boredom: Beyond a functional account. Trends Cogn. Sci. 27, 494–507. https://​doi.​org/​

10.​1016/j.​tics.​2023.​02.​002 (2023).
	71.	 Sümer, C. & Büttner, O. B. I’ll do it—After one more scroll: The effects of boredom proneness, self-control, and impulsivity on 

online procrastination. Front. Psychol. 13, 918306 (2022).
	72.	 Biolcati, R., Mancini, G. & Trombini, E. Proneness to boredom and risk behaviors during adolescents’ free time. Psychol. Rep. 121, 

303–323. https://​doi.​org/​10.​1177/​00332​94117​724447 (2018).

https://doi.org/10.1016/j.tics.2013.09.001
https://doi.org/10.1016/j.econmod.2014.12.029
https://doi.org/10.1037/0097-7403.2.2.97
https://doi.org/10.1016/0163-1047(93)90664-4
https://doi.org/10.1016/0163-1047(93)90664-4
https://doi.org/10.1038/nature11028
https://doi.org/10.1038/nature11028
https://doi.org/10.1007/s00221-016-4674-9
https://doi.org/10.1007/s00221-016-4617-5
https://doi.org/10.1007/s00221-016-4617-5
https://doi.org/10.1016/j.cortex.2017.03.008
https://doi.org/10.1111/psyp.13427
https://doi.org/10.1177/00375497231184898
https://doi.org/10.1177/00375497231184898
https://doi.org/10.1016/j.cobeha.2020.01.015
https://doi.org/10.1016/j.cognition.2020.104346
https://doi.org/10.1016/j.cognition.2020.104346
https://doi.org/10.1037/emo0000433
https://doi.org/10.1016/j.neuron.2006.06.021
https://doi.org/10.1016/j.neuron.2006.06.021
https://doi.org/10.1038/nature07200
https://doi.org/10.1038/nn.3398
https://doi.org/10.1016/j.neuron.2018.03.036
https://doi.org/10.1126/science.1210280
https://doi.org/10.1126/science.1210280
https://doi.org/10.1371/journal.pone.0078433
https://doi.org/10.1017/S0003055410000493
https://doi.org/10.1017/S0003055410000493
https://doi.org/10.1016/j.bbr.2008.05.004
https://doi.org/10.1016/j.bbr.2008.05.004
https://doi.org/10.1073/pnas.1503749112
https://doi.org/10.1098/rstb.2022.0059
https://doi.org/10.1371/journal.pone.0157685
https://doi.org/10.1016/j.neuron.2012.07.008
https://doi.org/10.1016/j.celrep.2022.110340
https://doi.org/10.1016/j.neuron.2013.12.022
https://doi.org/10.1371/journal.pcbi.1003541
https://doi.org/10.1371/journal.pcbi.1003541
https://doi.org/10.1111/j.1467-9779.2011.01506.x
https://doi.org/10.1080/02699931.2016.1259995
https://doi.org/10.1007/s11031-018-9710-6
https://doi.org/10.1007/s11031-018-9710-6
https://doi.org/10.1016/j.tics.2023.02.002
https://doi.org/10.1016/j.tics.2023.02.002
https://doi.org/10.1177/0033294117724447


18

Vol:.(1234567890)

Scientific Reports |        (2023) 13:20480  | https://doi.org/10.1038/s41598-023-47749-7

www.nature.com/scientificreports/

	73.	 Kwon, T., Choo, H. & Kim, Y. K. Why do we feel bored with our clothing and where does it end up? Int. J. Consumer Stud. 44, 
12540. https://​doi.​org/​10.​1111/​ijcs.​12540 (2020).

	74.	 Mann, S. & Cadman, R. Does being bored make us more creative? Creat. Res. J. 26, 165–173. https://​doi.​org/​10.​1080/​10400​419.​
2014.​901073 (2014).

	75.	 Loewenstein, G. The psychology of curiosity: A review and reinterpretation. Psychol. Bull. 116, 75–98. https://​doi.​org/​10.​1037/​
0033-​2909.​116.1.​75 (1994).

	76.	 Kang, M. J. et al. The wick in the candle of learning: Epistemic curiosity activates reward circuitry and enhances memory. Psychol. 
Sci. 20, 963–973. https://​doi.​org/​10.​1111/j.​1467-​9280.​2009.​02402.x (2009).

Author contributions
J.S. and S.R. designed the computational model. J.S. collected the empirical data. J.S. analyzed the data and 
conducted the model simulations. J.S. and S.R. wrote the manuscript.

Funding
Open Access funding enabled and organized by Projekt DEAL. This work was supported by research grant 
Deutsche Forschungsgemeinschaft CRC1080-C05 (SR), Deutsche Forschungsgemeinschaft SPP2041 Project 
#347573108 (SR), Deutsche Forschungsgemeinschaft/Agence nationale de la recherche Project #431393205 (SR), 
Deutsche Forschungsgemeinschaft DIP “Neurobiology of Forgetting” (SR), and a Focus Program Translational 
Neurosciences doctoral fellowship (JS). Additional support was provided by the National Science Foundation, 
United States (NSF PHY-1748958) and Gordon and Betty Moore Foundation (2919.02).

Competing interests 
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://​doi.​org/​
10.​1038/​s41598-​023-​47749-7.

Correspondence and requests for materials should be addressed to J.P.-H.S. or S.R.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note  Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access   This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/.

© The Author(s) 2023

https://doi.org/10.1111/ijcs.12540
https://doi.org/10.1080/10400419.2014.901073
https://doi.org/10.1080/10400419.2014.901073
https://doi.org/10.1037/0033-2909.116.1.75
https://doi.org/10.1037/0033-2909.116.1.75
https://doi.org/10.1111/j.1467-9280.2009.02402.x
https://doi.org/10.1038/s41598-023-47749-7
https://doi.org/10.1038/s41598-023-47749-7
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Modeling fashion as an emergent collective behavior of bored individuals
	Results
	Color trends in fashion magazines
	Modeling collective behavior with a population of bored individuals
	Altering the degree of individual boredom critically affects collective trend behavior
	Highly bored individuals prevent collective behavior from convergence to monotony
	Highly bored individuals can drive future population trends
	Popularity amplifies the effect of highly bored individuals on a population

	Discussion
	Methods
	Analysis of trend colors in fashion magazines
	Assessing the color trend over time
	Assessing trend turnover
	Coherence of color trends across fashion magazines

	Detailed description and implementation of the boredom-fashion model
	Boredom function

	Computing uniformity
	Introducing heterogeneity in the population and probing the parameter space
	Changing the fraction of highly bored individuals
	Quantifying the relationship of subgroup trends and the full population trend
	Quantifying the impact of single individuals on changes in the population trend
	Testing the impact of a systematic choice drift in a highly bored subpopulation
	Changing the fraction of highly popular individuals
	Changing the degree of boredom in highly popular individuals

	Statistical tests

	References


