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At a time of increasing globalization of much popular culture, we observe not a rise but a
marked fall in the spatial homogeneity of the popularity of first names across the United
States in recent decades. We explain this apparent paradox by calibrating a modified
standard model of neutral cultural evolution to the record of first name popularities for
the United as a whole since 1900 and across the individual states over the last 50 years.
We obtain estimates of both the temporal and spatial diversity of the speed of cultural
evolution during the 20th century and early 21st century. We find that the speed of
innovation of popular baby names accelerated substantially since the end of the 20th
century, increasing the geographic diversity across the United States. This suggests that
accelerated innovation can lead to a more heterogeneous cultural landscape, even in the
midst of growing globalization.
Keywords: Cultural transmission; evolution; social learning, cultural drift, pattern formation.

1. Introduction
Modern popular culture undergoes competing forces; globalization promotes homogeneity, whereas local innovation promotes diversity. The question of how local
differences arise amid regular social interaction could be considered one of the essential pursuits of social science. It is a question which is receiving a great deal of
renewed attention in the current century of online communications and global but
decentralized popular culture.
Approaches range from the highly descriptive, in-depth socio-cultural research
of local communities to, at the other end of the spectrum, quantitative models
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aimed at general insights into group-level phenomena. Among the latter has been
game theory, in which a new frontier has emerged, in modeling ways that spatial
heterogeneity of group-level norms can evolve [1, 2]. Related cultural evolution
research indicates how such geographic heterogeneity can be attributable to different
local adaptations [3, 4], but might equally reflect chance or drift, in the unique
evolutionary histories of social learning.
One useful proxy for investigating popular culture is through records of first
names, which can reveal aspects of kinship patterns, popular culture trends, and
social values. They are found throughout time and space, are easily measured and
counted [5–9]. In modern Western culture, the choices of first names reflect three
general principles of collective behavior that apply to fashion (popular culture) in
general [2, 10]: (a) they involve a number of people carrying out the same or similar
actions at a point in time; (b) the behavior exhibited is transient or continually
changing; (c) there is some kind of dependency among the actions, individuals are
not acting independently [7].
Here we analyze data on first name popularities in the United States to estimate
the temporal and spatial evolution of the relative weights of the globalization factors
which lead to homogeneity in popular culture, and the speed of local innovation,
which promotes diversity.
Despite an increasing globalization of popular culture in general in the United
States [7, 11, 13], the naming landscape has diversified markedly in the last fifty
years. In 1960 the most popular girls’ name was ’Mary’ in almost every U.S. state
except for ‘Susan’ in the Northwest and Northeast, and some variety in the Western
states (Figure 1a). This homogeneity in 1960 is also reflected in boys’ names (Figure
1c), when the five that were locally most popular (David, James, Michael, John,
Robert) comprised the top five for most states, and none was lower than 8th place
in any state. There was also a clear geography to the boys’ names in 1960; ‘David’
was most popular in almost all states west of the Mississippi River (Figure 1c),
‘James’ was most popular in the South, and ‘John’ and ‘Michael’ dominated the
Northeast.
By 2009, however, this homogeneity was broken up considerably. The hegemony
of ‘Mary’ has given way to multiple competing girls’ names (Figure 1b), and the
geography of boys’ names has become even diverse (Figure 1d). Among boys’ names
in 2009, some continuity remained in the South (where ‘William’ replaced ‘James’)
and northeast (where ‘Michael’ gained), but west of the Mississippi the geographic
pattern had dissolved into a mosaic (Figure 1d). The differences between states
have deepened as well; in 2009, a boy’s name such as ‘Logan’ - the most popular
name in Minnesota, Idaho and New Hampshire - was not even among the top 30 in
New Jersey or California.
This new geographic heterogeneity in name popularity reflects the process of
cultural transmission over the years. It has been said that the choice of a name
’connects us to society in a way that encapsulates the great contradiction in human
social life: between the desire to fit in and the desire to be unique’ [14]. The question
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Fig. 1. Spatial heterogeneity in the most popular name for each state. (a) Girls, 1960; (b) Girls,
2009; (c) Boys, 1960; (d) Boys, 2009

is, how has this balance changed? Even today, truly unique names are relatively
rare; the vast majority of first names given to babies have previously been given to
someone else, i.e., most names are copied.
While copying is ubiquitous in human social behavior, original independent invention is nonetheless persistent, if relatively weak compared to social learning. In
one Repeated Prisoner’s Dilemma Game experiment involving real people, about
10% of players continued inventing new strategies until the last rounds [15]. In
real society, most studies indicate that ten percent appears to be around the upper bound of the percentage of truly original behavior in a population [33, 34]. No
matter how it originates, the persistent minority of independent action injects new
variation into the population, for those in the majority potentially to copy [16].
Since copying with occasional original invention is closely analogous to inheritance with sporadic mutation, simple models of ‘unbiased’ social transmission have
been adapted in studies of cultural evolution from neutral models of population
biology [17–19]. In particular, a model of unbiased social learning in a well-mixed,
homogeneous population, has been productively applied to cultural evolution [20].
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This process was used, for example, to identify social network arrangements favorable to selection versus random drift in the sorting of variation [20], and it was also
used to show how highly clustered social networks favor the evolution of cooperation[21].
Here we use a model of unbiased copying based on the same principles, but
adding the variable of ‘memory’ (crucial in the social learning tournament), since
social learning can reach back to previous ‘generations’ of behavior. We consider a
homogeneous population of size N , each individual agent of which holds a single
variant, representative of some particular choice or behavior. The central parameters
are invention fraction µ, and memory m. The effective population size remains
constant, but the population is replaced in each generation by N new agents. With
probability 1 − µ, an incoming agent copies its variant from that of an agent within
the previous m time steps, or else with probability µ, the agent innovates by choosing
a unique new variant at random. In other words, the agent either copies the choice
of an existing agent from the last m steps, or chooses a new variant.
Previous versions of this unbiased copying model have proven powerful and
versatile, in applications to phenomena where widespread copying is inherent to
popularity. The model yields a wide variety of heavy tailed distributions through
varying µ and m, which can be closely fit to popularity distribution from phenomena
that also undergo continual turnover, or drift, in these distributions, which also is
replicated by the model [22, 23, 32].
The unbiased copying model is well suited to the analysis of popular baby names,
considered to serve as a proxy for popular cultural exchange. Each name is a discrete
entity that is either a copy of an existing name (usually) or else completely novel
(rarely). To apply the model to baby names, each baby is considered an agent, and
its name as the associated variant.
The United States Social Administration provides a database on baby names
that has been studied in a variety of ways [8, 24, 25], owing to its exceptionally
deep and chronologically-resolved records. These superb data include the top 100
baby names by US state since 1960, and, for the US as a whole, all of names with at
least 5 occurrences in each year since 1879 [44]. With population increase and the
issuing of Social Security Cards in 1937, the length of this list of names increases
tremendously over the 130 year record - from a few thousand different names for
boys and for girls in the early 1900s, to fourteen thousand different boys’ names
and over twenty thousand girls’ names in 2009a .
More recently data were made available for the top 100 names in individual
U.S. states. For each state, these data were compared with the top 100 observations
generated by the theoretical model (see methods, below). All data were normalized
so that each observation is expressed as its proportion of the total sum of the raw
a Because

the SSA do not list any names with fewer than five occurrences (in order to safeguard
privacy), it is not possible to derive an invention rate directly from the number of unique names
in a given year.
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observations of the top 100. For consistency with the Top 100 by state, we fit our
model results to the Top 100 names in the U.S. as a whole, and derive the U.S.
invention fraction µ through time.
2. Methods
We examined 125 combinations of the model parameters, with µ between 0.01 and
0.1 and values of m ≤ 10 (consistent with the evidence for recent memory being
the most valuable in social learning [29] and plausible values for µ being less than
10% [15, 33, 34, 16]. For each parameter combination, we averaged 500 independent
results of the model, each one running for 2000 time steps. We tested the null
hypothesis that the distributions of the empirical data for any given geographical
entity and year and the model generated data for any given parameter combination
are the same. We used the Anderson-Darling test, a more powerful test than the
widely used Kolmogorov-Smirnov when the data are distinctly non-Gaussian. Only
a distinct minority of model parameter combinations were compatible with the
empirical data in any given case. Of the 125 combinations of the model parameters
examined for each state, about 100 of the resulting distributions could be rejected
(p < 0.05). In contrast, for many states there were parameter combinations where
the null hypothesis is only rejected at p ≥ 0.5. We found that among the small
set of accepted parameter combinations for each state, the effect of the accepted m
values was not significant on the resulting distributions. We therefore report results
simply for the average value of µ for these cases. For the state-level data, we fit the
model to the top 100 baby names from each individual state in the year in question,
and then averaged the values of µ among the small minority of solutions where the
null hypothesis is only rejected at p > 0.20, which implies that the model fits the
data extremely well.
3. Results
For the U.S. as a whole, we find that for most of the 20th century the modelderived µ was essentially constant for both boys and girls. However, there was a
rapid acceleration around the turn of the 20th century, with estimates of µ more
than doubling of µ for girls and tripling of µ for boys by the end of the first decade
of the 21st century (Figure 2).
As a check on this, we obtained an independent estimate of µ through estimated
proportion of unique names, which we can extrapolate approximately from the most
complete U.S. data offered b . Interestingly, the correlation with this independent
b We

obtained an independent estimate of µ using the most complete US baby name data available,
listing down to names with only 5 occurrences in a year. In every year, the number of babies with
each name are reasonably approximated by a power law distribution through the first several
orders of magnitude, with scaling exponents ranging from 1.56 to 1.72 for boys, and 1.62 to 1.76
for girls, using maximum likelihood estimation via Aaron Clauset’s MatLab code [12]. We used
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Fig. 2. Mean ‘invention’ score µ for all U.S. names (grey line, girls; black line, boys), estimated
using the unbiased copying model from the top 100 most popular names in the U.S. as a whole.

estimate of µ is best when we allow a twenty-year lag (r2 > 0.89 for both girls’
and boys’ names); that is, if we compare the modeled estimate of µ, derived from
the top 100, to the fraction of unique names twenty years before. The implication
is understandable; that changes in invention rate take about a generation (≈ 20
years) to affect the top 100.
As inventiveness µ increased nationwide over the last 50 years, there arose significant differences between individual states across the U.S.. The maps in Figure 3
compare the derived values of µ for individual states in 1960 (the first year of state
data) versus 2009. In 1960 there was a noticeable gradient across the country, for
both boys’ and girls’ names, in that the µ values are significantly lower in states of
the North Eastern U.S., and higher in the Southern and Western states (Figure 3).
This geographic pattern in 1960 correlated with a geographic cultural landscape
familiar to most Americans. The U.S. Bureau of Economic Analysis (BEA)[26], for
example, divides the U.S. into eight geographic regions, numbered sequentially from
the parameters for each distribution to extrapolate back to the number of baby names with 2
occurrences. To estimate the number of unique names in a given year, allowing for a possible
abundance of one-off names, we subtracted the total with > 2 occurrences from the total births
for the year (from the SSA).
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Fig. 3. Temporal increase and geographic pattern in name innovation. Colors depict the mean
invention score µ, derived from the model and the top 100 names, for each state. (a) Girls,
1960; (b) Girls, 2009; (c) Boys, 1960; (d) Boys, 2009. In every case the null hypothesis that the
distributions of model solution with this value of µ and the empirical data are only rejected at a
p > 0.20, far higher than the standard value of rejection of p0.05, implying a close correspondence
of the distributions. (the only exception is MD where p > 0.15 is used.

New England to the Far West. As Figure 4 shows, the average model-derived values
of µ for 1960 correlate well with these BEA region numbers (r2 = 0.59 among boys’
names, r2 = 0.49 for girls’ names). By 2009, however, these geographic correlations
had diminished (r2 = 0.40 and 0.45 for boys’ and girls’ names, respectively), with
more outliers (Figure 4). This was coupled with an almost uniform rise in innovation
fractions across regions (Figure 4).
4. Discussion
Overall, the diversification of naming practices across the US appears to be driven
by an increase in innovation that drives further drift. In this arena, the diversifying effects of novel invention would seem to have the edge over the homogenizing
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Fig. 4. Model-derived µ versus economic region of the U.S., for girls’ names (left) and boys’ names
(right). The BEA region numbers are: (1) New England, (2) Mideast, (3) Great Lakes, (4) Plains,
(5) Southeast, (6) Southwest, (7) Rocky Mountain, and (8) Far West.

effects of globalization. It exemplifies how social learning can yield spatial diversity
in cultural choices as different portions of the population drift apart stochastically
[1]. As an efficient strategy of social learning, copying other individuals is often
successful, and is seen across a range of species, from fish to primates and humans right from infancy [27–30]. The principle is reflected in a recent computer
tournament, where entrants submitted strategies specifying how to use both social
learning and alternatives such as trial-and-error to acquire adaptive behavior in a
complex multi-player environment. The most successful strategy in the tournament
was not (as many expected) a predominance of independent learning supplemented
by a relatively minor degree of social learning. In fact, the winning strategy in the
tournament relied almost exclusively on copying the successful strategies of others,
biased towards copying recent success by ‘discounting’ older information [29].
Our hypothesis is that this diversification since 1960 is due to random drift
via social learning, but an alternative hypothesis is immigration. Although ‘Jose’ is
currently the most popular boys name in Texas, and of course different ethnic groups
have distinctive sets of names [7], migration and ethnic diversity appear to be minor
factors in the geographic diversification of US name popularity. The model-derived
average µ values correlate only weakly with the number of foreign-born residents
by state (for 2008, r2 = 0.08 for girls, r2 = 0.14 for boys) [31].
Another factor is surely the recent decline of monolithic mass media, first to a
multiplicity of media sources, and finally the online media that much of the public
now participates in. If the cultural landscape is more conducive now to individuals
copying each other, rather than people responding to centralized media, we could
expect the kind of diversification through local interactions that Thomas Schelling
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demonstrated in his classic segregation model [10]. Names are but one example of
course, but this phenomenon suggests a way in which the interconnectedness of
‘globalization’ - a word that tends to connote homogeneity - may instead promote
cultural diversity by allowing random drift to occur more pervasively
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