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Outline
• Brief history of cultural evolution from Darwin to today

• Two recent empirical debates / case studies

• selection vs transformation

• stochasticity in cultural evolution

• What about memetics?

• Can evolutionary theory synthesise the social 
sciences?



Key messages
• Culture is an evolutionary process: it comprises a system of inherited 

variation that changes due to various processes including selection, 
drift, migration, transformation etc.

• In this generalised sense it resembles Darwin's outline of biological/
genetic evolution in The Origin of Species

• But, genetic and cultural evolution are not identical
• many details of genetic inheritance do not apply to cultural inheritance; 

Lamarckian-like transformation is important in culture; cultural 
‘mutation’ is not always blind, etc.

• Genetic evolutionary models and methods provide useful starting points 
(especially compared to mainstream social sciences and humanities) but 
should be adapted to the particularities of cultural change



“Culture is information capable of 
affecting individuals’ behavior that they 

acquire from other members of their 
species through teaching, imitation, and 

other forms of social transmission.”
(Richerson & Boyd 2005, p.5)



• Culture evolved
• the capacities that permit culture (e.g. social learning abilities 

like teaching or imitation) evolved by natural selection
• we can study other species and hominin ancestors to help 

understand human cultural capacities
• Culture evolves

• cultural change constitutes an evolutionary process
• cultural variation is inherited socially and changes due to various 

processes (selection, drift, innovation, transformation etc.)
• Genes and culture coevolve

• cultural inheritance has generated novel selection pressures for 
human genetic evolution
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A brief history



“The formation of different languages and of distinct species, 
and the proofs that both have been developed through a 

gradual process, are curiously parallel.

We find in distinct languages striking homologies due to 

community of descent, and analogies due to a similar process 
of formation. 


We see variability in every tongue, and new words are 
continually cropping up; but as there is a limit to the powers of 
memory, single words, like whole languages, gradually become 

extinct.

The survival or preservation of certain favoured words in the 

struggle for existence is natural selection” 

(Darwin 1871, pp.90-91)

inheritance variation

selection



“A remarkable parallel…
obtains between the facts of 
social evolution on the one 

hand, and of zoölogical 
evolution as expounded by 

Mr. Darwin on the other”

(William James 1880, p.441)

 THE

 QUARTERLY JOURNAL

 OF

 ECONOM ICS

 JUL Y, 1898

 WHY IS ECONOMICS NOT AN EVOLUTIONARY

 SCIENCE?

 MA. G. DE LAPOUGE recently said, " Anthropology is
 destined to revolutionize the political and the social
 sciences as radically as bacteriology has revolutionized
 the science of medicine." In so far as he speaks of
 economics, the emiinient anthropologrist is not alone in his
 conviction that the science stands in need of rehabilita-
 tion. His words convey a rebuke and an admonition, and
 in both respects he speaks the sense of many scientists in

 his own and related lines of inquiry. It may be taken as
 the consensus of those men who are doingcr the serious
 work of modern anthropologyr, ethnology, and psychology,
 as well as of those in the biological sciences proper, that

 economics is helplessly behind the times, and unable to
 handle its subject-mnatter in a way to entitle it to standing
 as a modern science. The other political and social sci-

 Th' Tle Fuidamental Laws of Anthropo-soeiology, " TJournal of Political
 Economy/, Decenmher, 1897, p. 54. The sane paper, in sllbstance, appears in
 the Rivista Italiati di Sociologia for November, 1897.
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Thorstein Veblen

After reading Darwin’s Origin of Species in 1860,
Schleicher hurriedly produced a pamphlet comparing
Darwin’s theory of the evolution of life with the historical
development of language – Die Darwinsche Theorie und
die Sprachwissenschaft [13]. Schleicher was excited by the
coincidence that the differential relationship between the
diverse organic forms in nature that Darwin had shown
was the same as the relationship philologists like himself
had illustrated between diverse languages. Schleicher
hoped that biology and the science of language were about
to converge because branching descent with modification
was so evident in both. A new way of thinking about
evolution seemed possible and Schleicher included a
genealogical diagram of the Indo-European language
family in his pamphlet (Figure 3). However, he pointed
out there was also one major difference between philolo-
gists’ trees and Darwin’s ‘diagram’ in theOrigin of Species
(Figure 4) [14]. Darwin’s diagram illustrated a general
kind of process of descent with divergence from a common
parent, but philologists diagrams were records of actual
historical lineages.

Darwin recognized the advantages that philologists,
with their abundant textual evidence, had over biologists.
In an oft-cited passage from the Descent of Man published
in 1871 he remarked:

The formation of different languages and of distinct
species, and the proofs that both have been
developed through a gradual process, are curiously
parallel. But we can trace the formation of many
words further back than that of species, for we can
perceive how they actually arose from the imitation
of various sounds. We find in distinct languages
striking homologies due to community of des-
cent.The frequent presence of rudiments, both
in languages and in species, is still more

remarkable.Dominant languages and dialects
spread widely, and lead to the gradual extinction of
other tongues. A language, like a species, when once
extinct, never.reappears.We see variability in
every tongue, and new words are continually
cropping up; but as there is a limit to the powers of
the memory, single words, like whole languages,
gradually become extinct.The survival or preser-
vation of certain favoured words in the struggle for
existence is natural selection. [15]

From 1859, every evolutionary philologist was aware of
Darwin and his theory of biological evolution. Never-
theless, it would be a mistake to believe that suddenly
they were only making analogies to a different discipline
rather than continuing the 70-year-old tradition of their
own science. For example, the Anglican clergyman
Frederic William Farrar argued in his many works on
the origin and relationships of languages that they
developed according to ‘laws of progress’. Starting from a
germ implanted by the creator, language had developed
naturally according to natural laws. He favoured an
onomatopoetic source for words; a theory notoriously
condemned by others as the ‘bow wow theory’ of language
origin. Farrar’s 1870 work Families of Speech provided
another diagram of the Indo-European family of
languages (Figure 5) [16]. At the source of it are
hypothetical primitive languages, less complex and
refined than modern languages. It seems probable that
Farrar was inspired by his understanding of Darwin to
incorporate some new elements (e.g. the progress towards
perfection) into the scheme of language evolution. The fact
that Farrar’s materials dealt with the gradual change of
language, the descent of words and dialects from one
another, the finality of extinction and the pattern of
branching divergence cannot be attributed to an analogy
with Darwinian biology.

The works of German-born Oxford Professor Friedrich
Max Müller, probably the most influential linguist of the
Victorian era, did more than any others to popularize the
new comparative philology in the English-speaking world.
Müller did not accept that Man’s capacity for language
had come about through natural selection, yet he was the
most convinced language evolutionist. He resented the
overwhelming association between Darwinism and evolu-
tion he perceived as becoming dominant. In his 1887 book
The Science of Thought Müller confronted the issue of
whether or not evolution was synonymous with
Darwinism:

If Darwinism is used in the sense of Entwickelung
[development], I was a Darwinian.long before
Darwin.How a student of the Science of Language
can be anything but an evolutionist, is to me utterly
unintelligible. He has to deal with nothing but
evolution from beginning to end, Latin becomes
French before his very eyes, Saxon becomes English,
Sanskrit Bengali.It is the same wherever we
approach the study of any single language. We
always find it changing or changed, and related to
other languages, that is to say, like them evolved
from a common type. Long before Darwin made the

Figure 2. August Schleicher’s diagram illustrating the development of language. At
the base of Schleicher’s ‘branching tree’ is Indo-Germanic with the derived
language groups emerging upwards [12]. Reproduced with permission of
Cambridge University Library.
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The seeds were sown…

…but nothing grew



confusion between Darwinian and 
Spencerian theories of evolution
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association of evolution / biology with 
racial differences

“The reappearance of voodooism and fetishism 
among the negroes of the South, though 

surrounded by Christian influences, is indeed to be 
regarded as due not so much to the preservation 
of some primitive copy of such religious practices 
brought over from Africa as to the innate tendency 

of the negro mind to take such attitudes.” 
(Charles Ellwood, 1901, pp.735-736)

Stocking (1962)



American Anthropologist 
NEW SERIES 

VOL. 19 APRIL-JUNE, 1917 No. 2 

THE SUPERORGANIC 

BY A. L. KROEBER 

A WAY of thought characteristic of our western civilization 
has been the formulation of complementary antitheses, a 
balancing of exclusive opposites. One of these pairs of 

ideas with which our world has been laboring for some two thousand 
years is expressed in the words body and soul. Another couplet 
that has served its useful purpose, but which science is now often 
endeavoring to rid itself of, at least in certain aspects, is the dis- 
tinction of the physical from the mental. A third discrimination 
is that of the vital from the social, or in other phraseology, of the 
organic and the cultural. The implicit recognition of the difference 
between organic qualities and processes and social qualities and 
processes is of long standing. The formal distinction is however 
recent. In fact the full import of the significance of the antithesis 
may be said to be only dawning upon the world. For every occasion 
on which some human mind sharply separates organic and social 
forces, there are dozens of other times when the distinction between 
them is not thought of, or an actual confusion of the two ideas 
takes place. 

One reason for this current confusion of the organic and the 
social is the predominance, in the present phase of the history of 
thought, of the idea of evolution. This idea, one of the earliest, 
simplest, and also vaguest ever attained by the human mind, has 
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“The mind and the body are but facets of the same organic material 
or activity; the social substance - the existence that we call 

civilization [culture] - transcends them utterly …


What we all are able to do is to realize this gap... and to go our paths 
on its respective sides without self-deluding attempts to bridge the 

eternal chasm.”



1970s/80s: rejection of science within 
cultural anthropology

CURRENT ANTHROPOLOGY Volume 36, Number 3, June 1995
© 1995 by the Wenner-Gren Foundation for AnthropoIogicaI Research. AlI rights reserved
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The Primacy af
the Ethical
Propositions for a Militant
Anthropologyl

by Nancy Scheper-Hughes

ln bracketing certain "Western" Enlightenment truths we hold
and defend as self-evident at home in order to engage theoreti-
cally a multiplicity of alternative truths encoded in our reified
notion of culture, anthropologists may be "suspending the ethi-
cal" in our dealings with the "other." Cultural relativism, read
as moral relativism, is no longer appropriate to the world in
which we live, and anthropology, if it is to be worth anything at
alI, must be ethicalIy grounded. This paper is an attempt to imag-
ine what forms a politicalIy committed and moralIy engaged an-
thropology might take.

NANCY SCHEPER-HUGHES is Professor of Anthropology at the
University of Califomia, Berkeley (Berkeley, Calif. 94720,
U.S.A.). Born in 1944, she was educated at Berkeley (Ph.D.,
1976). She has taught at the University of North Carolina,
ChapeI Hill, at Southem Methodist University, at the University
of Cape Town, and at the Ecole des Hautes Etudes en Sciences
Sociales, Paris. Her research interests include the application of
criticaI theory to medicine and psychiatry, the anthropology of
the body, illness, and suffering, the politicaI economy of the emo-
tions, and violence and terror. Among her publications are
Saints, Scholars, and Schizophrenics: Mental Illness in Rural Ire-
land (Berkeley and Los Angeles: University of California Press,
1979), the edited volume Child Survival: Anthropological Per-
spectives on the Treatment and Maltreatment of Children (Dor-
drecht: D. Reidel, 1987), and Death Without Weeping (Berkeley
and Los Angeles: University of California Press, 1992). The pres-
ent paper was submitted in final form 25 x 94.

1. This paper was originally presented as a keynote address at the
Israel Anthropological Association Meetings, Tel Aviv University,
on March 23, 1994, where the conference theme was "Politically
Committed Anthropology." On my return to South Mrica I pre-
sented the paper to my colleagues at the Department of Social
Anthropology, University of Cape Town, on May 13, 1994, where
it achieved a certain notoriety and generated a strong response,
aspects of which have worked their way into this revision. ln No-
vember 1994 parts of this paper were read at the AAA symposium
"Rethinking the Cultural: Beyond IntelIectual Imperialisms and
Parochialisms of the Past" (see Winkler 1994:A18). I am grateful
to my Israeli, South Mrican, and North American colleagues for
their contributions and criticisms. Finally, at a crucial moment in
my failed attempts to "make sense" of the "useless suffering" of
the multitudes of Northeast Brazilian angel-babies, T. M. S. Evens
introduced me to certain key writings of Emmanuel Levinas (1986).
Although I originally rejected these with the vehemence of the

For much of this century cultural anthropology has been
concemed with divergent rationalities, with explaining
how and why various cultural others thought, reasoned,
and lived-in-the-world as they did. Classical anthropo-
logical thinking and practice are best exemplified, per-
haps, in the great witchcraft and rationality debates of
decades past.2 Ideally, modernist cultural anthropology
liberated "truth" from its unexamined Eurocentric and
Orientalist presuppositions. But the world, the objects
of our study, and consequently, the uses of anthropology
have changed considerably. Exploring the culturallogic
of witchcraft is one thing. Documenting, as I am now,
the buming or "necklacing" of accused witches, politi-
caI collaborators, and other ne'er-do-wells in belea-
guered South African townships-where a daily toll of
"charred bodies" is a standard feature of news re-
ports-is another.3 A more womanly-hearted anthropol-
ogy might be concerned not only with how humans
think but with how they behave toward each other, thus
engaging directly with questions of ethics and power.
ln South African squatter camps as in the AIDS sana-

toria of Cuba and in the parched lands of Northeast Bra-
zil, I have stumbled on a central dilemma and challenge
to cultural anthropology, one that has tripped up many
a fieldworker before me (for example, Renato Rosaldo
[1989:1-21] in his encounters with Ilongot headhunt-
ers): ln bracketing certain "Western" Enlightenment
truths we hold and defend as self-evident at home in
order to engage theoretically with a multiplicity of alter-
native truths encoded in our reified notion of culture,
anthropologists may be "suspending the ethical" (Buber
1952:147-56) in our dealings with the "other," espe-
cially those whose vulnerable bodies and fragile lives
are at stake. Moreover, what stake can anthropologists
expect to have in current politicaI debates in rapidly "de-
mocratizing" nations in Eastern Europe, Latin America,
and Africa where newly drafted constitutions and bills
of rights-and those of Brazil and South Africa are exem-

unrefiexive cultural relativist, Levinas's notion of a "pre-cultural"
moral repugnance toward unnecessary human suffering came back
to haunt me with a vengeance, along with the specter of three-year-
old Mercea, who died abandoned by both her mother and her an-
thropologist during Brazilian Carnival celebrations in 1989.
2. Excellent reviews of these debates in anthropology can be found
in Mohanty (1989), Hollis and Lukes (1982), Wilson (1985), and
Tambiah (1990).
3. Here is how the death of suspected police collaborators and
witches is described in the local white newspaper in Cape Town
(my emphasis): "Dozen Bodies Removed from Guguletu in Week-
end Casualties"j "The charred bodies of seven people, including a
50 year old woman and her teenage daughter, were found in Tho-
koza hostel and Katlehong on Friday.... The bumed and blackened
bodies of two young men were found at the Mandela squatter camp
in Thokoza and another body at Katlehong railway station" (Cape
Times, September 1993); "Another 40 bodies found on the East
Rand" i finalIy, "Charred bodies of two witches found in Nyanga"
(Argus, January 21, 1994). The women accused of witchcraft had
been bound together with rope and were "badly bumt." While
white deaths "counted"-as, for example, in the extensive and
personal coverage of the white victims of the St. James Church
"massacre" in Cape Town in late July 1994-the black victims
of township violence were merely "counted," recorded as body
counts.



1970s: sociobiology

1990s: 
evolutionary 
psychology



an alternative
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1981

1985

used mathematical 
modelling techniques of 
population genetics to 

‘quantify’ cultural change

some processes were 
assumed to be analogous 
to genetic evolution, some 

very different
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knowledge concerning artifact produc- 
tion and foraging activities are rare (see 
Ruddle and  Chesterfield 1977; Erchak 
1977; Colson 1958 for exceptions). 

The research in this r e ~ b r t  was stimu- 
lated in part by this lack of quantitative 
da ta ,  but  also by a model of cultural  
transmission recently developed by Cav- 
alli-Sforza and  Feldman ( 1981), which 
indicates that quantitative data on mech- 
anisms of transmission of cultural traits, 
such as subsistence skills. could be useful 
in predicting within-group variability, 
stability of cultural traits over time and 
space, and the evolutionary processes in 
culture. Figure 1 lists some components of 
their model relevant to this research. The  
model takes a concep tua l  f ramework 
based in the study of biological inherit- 
ance  a n d  evolution a n d  appl ies  i t  to 
equivalent social variables. As Figure 1 
indicates, cultural transmission from par- 
ent-to-child is called vertical and is the 
closest to biological transmission; like bi- 
ological transmission, it is highly conserv- 
ative and may maintain the status quo, 

including all the individual variation in 
existence. 

With this mode of transmission there is 
little difficulty accepting an  innovation a t  
the individual level; children are  espe- 
cially receptive, but the innovation will be 
very slow to spread to others in the pop- 
ulation unless other modes of transmis- 
sion are employed along with parent-to- 
chi ld  t ransmiss ion.  A more  typically 
"cultural" mode of transmission is hori- 
zontal or  contagious, in which transmis- 
sion is between any two individuals irre- 
spective of their relationship. This is very 
similar to the transmission of infectious 
diseases. The  spread can be fast if con- 
tacts with transmitters and acceptance by 
the transmittee are frequent. In  Cavalli- 
Sforza and Feldman's original definition, 
a distinction is drawn between horizontal 
and oblique, the first referring to trans- 
mission within and the second between 
generations, but we will not distinguish 
them here and will consider the "horizon- 
tal" term to include both. If transmission 
is one-toward-many, communication is 

Modes of cultural transmission 

Transmitter 

Transmittee 

Acceptance of 
innovation 
Variation between 
individuals within 
population 
Variation between 
groups 
Cultural evolution 

Vertical or Horizontal or 
parent-to-child contagious 

Parent(s) Unrelated 

Child Unrelated 

Intermediate Easy  
difficulty  

High Can be 
high 

High Can be 
high 

Can be Slow rapid 

One-to-many Concerted or 
many-to-one 

Teacher1 Older members 
leaderlmedia of social group 

Pupils/ Younger 
citizens/ members of 
audience social group 

Easy Very difficult 

Low Lowest 

Can be 
high Smallest 

Most rapid Most conservative 

Figure 1  
A model of cultural transmission (after Cavalli-Sfona and Feldman 1981).  

modes of cultural transmission

Hewlett & Cavalli-Sforza (1986)



cultural selection

“The survival or preservation of certain favoured words 
in the struggle for existence is natural selection” 


(Darwin 1871, pp.90-91)

Δp = p(1-p)s
p



cultural selection

Although irregulars generally yield to regu-
lars, two verbs did the opposite: light/lit and
wake/woke. Both were irregular inMiddle English,
were mostly regular by 1800, and subsequently
backtracked and are irregular again today. The
fact that these verbs have been going back and
forth for nearly 500 years highlights the gradual
nature of the underlying process.

Still, there was at least one instance of rapid
progress by an irregular form. Presently, 1% of

the English-speaking population switches from
“sneaked” to “snuck” every year. Someone will
have snuck off while you read this sentence. As
before, this trend is more prominent in the United
States but recently sneaked across the Atlantic:
America is the world’s leading exporter of both
regular and irregular verbs.

Out with the old. Just as individuals forget
the past (18, 19), so do societies (20) (fig. S6). To
quantify this effect, we reasoned that the fre-

quency of 1-grams such as “1951” could be used
to measure interest in the events of the corre-
sponding year, and we created plots for each year
between 1875 and 1975.

The plots had a characteristic shape. For
example, “1951” was rarely discussed until
the years immediately preceding 1951. Its fre-
quency soared in 1951, remained high for 3 years,
and then underwent a rapid decay, dropping by
half over the next 15 years. Finally, the plots

Fig. 2. Culturomics has profound consequences for
the study of language, lexicography, and grammar.
(A) The size of the English lexicon over time. Tick
marks show the number of single words in three
dictionaries (see text). (B) Fraction of words in the
lexicon that appear in two different dictionaries as a
function of usage frequency. (C) Five words added
by the AHD in its 2000 update. Inset: Median fre-
quency of new words added to AHD4 in 2000. The
frequency of half of these words exceeded 10−9 as
far back as 1890 (white dot). (D) Obsolete words
added to AHD4 in 2000. Inset: Mean frequency of
the 2220 AHD headwords whose current usage fre-
quency is less than 10−9. (E) Usage frequency of
irregular verbs (red) and their regular counterparts
(blue). Some verbs (chide/chided) have regularized
during the past two centuries. The trajectories for
“speeded” and “speed up” (green) are similar, re-
flecting the role of semantic factors in this instance
of regularization. The verb “burn” first regularized
in the United States (U.S. flag) and later in the
United Kingdom (UK flag). The irregular “snuck” is
rapidly gaining on “sneaked”. (F) Scatterplot of the
irregular verbs; each verb’s position depends on its
regularity (see text) in the early 19th century (x coor-
dinate) and in the late 20th century (y coordinate).
For 16% of the verbs, the change in regularity was
greater than 10% (large font). Dashed lines sepa-
rate irregular verbs (regularity < 50%) from reg-
ular verbs (regularity > 50%). Six verbs became
regular (upper left quadrant, blue), whereas two be-
came irregular (lower right quadrant, red). Inset:
The regularity of “chide” over time. (G) Median reg-
ularity of verbs whose past tense is often signified
with a -t suffix instead of -ed (burn, smell, spell, spill,
dwell, learn, and spoil) in U.S. (black) and UK (gray)
books.

words added to 
AHD in 2000

0

2

4

x10-8

1800 2000

ycneuqerf nai de
M

Decade

rare words still in AHD

0

2

4

x10-9

ycneuqerf nae
M

1800 2000
Decade

AHD4

W3
OED

A B

C D

E F

G

14 JANUARY 2011 VOL 331 SCIENCE www.sciencemag.org178

RESEARCH ARTICLE

 o
n 

Ja
nu

ar
y 

13
, 2

01
1

w
w

w
.s

ci
en

ce
m

ag
.o

rg
D

ow
nl

oa
de

d 
fro

m
 

Although irregulars generally yield to regu-
lars, two verbs did the opposite: light/lit and
wake/woke. Both were irregular inMiddle English,
were mostly regular by 1800, and subsequently
backtracked and are irregular again today. The
fact that these verbs have been going back and
forth for nearly 500 years highlights the gradual
nature of the underlying process.

Still, there was at least one instance of rapid
progress by an irregular form. Presently, 1% of

the English-speaking population switches from
“sneaked” to “snuck” every year. Someone will
have snuck off while you read this sentence. As
before, this trend is more prominent in the United
States but recently sneaked across the Atlantic:
America is the world’s leading exporter of both
regular and irregular verbs.

Out with the old. Just as individuals forget
the past (18, 19), so do societies (20) (fig. S6). To
quantify this effect, we reasoned that the fre-

quency of 1-grams such as “1951” could be used
to measure interest in the events of the corre-
sponding year, and we created plots for each year
between 1875 and 1975.

The plots had a characteristic shape. For
example, “1951” was rarely discussed until
the years immediately preceding 1951. Its fre-
quency soared in 1951, remained high for 3 years,
and then underwent a rapid decay, dropping by
half over the next 15 years. Finally, the plots

Fig. 2. Culturomics has profound consequences for
the study of language, lexicography, and grammar.
(A) The size of the English lexicon over time. Tick
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frequency of half of these words exceeded 10−9 as
far back as 1890 (white dot). (D) Obsolete words
added to AHD4 in 2000. Inset: Mean frequency of
the 2220 AHD headwords whose current usage fre-
quency is less than 10−9. (E) Usage frequency of
irregular verbs (red) and their regular counterparts
(blue). Some verbs (chide/chided) have regularized
during the past two centuries. The trajectories for
“speeded” and “speed up” (green) are similar, re-
flecting the role of semantic factors in this instance
of regularization. The verb “burn” first regularized
in the United States (U.S. flag) and later in the
United Kingdom (UK flag). The irregular “snuck” is
rapidly gaining on “sneaked”. (F) Scatterplot of the
irregular verbs; each verb’s position depends on its
regularity (see text) in the early 19th century (x coor-
dinate) and in the late 20th century (y coordinate).
For 16% of the verbs, the change in regularity was
greater than 10% (large font). Dashed lines sepa-
rate irregular verbs (regularity < 50%) from reg-
ular verbs (regularity > 50%). Six verbs became
regular (upper left quadrant, blue), whereas two be-
came irregular (lower right quadrant, red). Inset:
The regularity of “chide” over time. (G) Median reg-
ularity of verbs whose past tense is often signified
with a -t suffix instead of -ed (burn, smell, spell, spill,
dwell, learn, and spoil) in U.S. (black) and UK (gray)
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Although irregulars generally yield to regu-
lars, two verbs did the opposite: light/lit and
wake/woke. Both were irregular inMiddle English,
were mostly regular by 1800, and subsequently
backtracked and are irregular again today. The
fact that these verbs have been going back and
forth for nearly 500 years highlights the gradual
nature of the underlying process.

Still, there was at least one instance of rapid
progress by an irregular form. Presently, 1% of

the English-speaking population switches from
“sneaked” to “snuck” every year. Someone will
have snuck off while you read this sentence. As
before, this trend is more prominent in the United
States but recently sneaked across the Atlantic:
America is the world’s leading exporter of both
regular and irregular verbs.

Out with the old. Just as individuals forget
the past (18, 19), so do societies (20) (fig. S6). To
quantify this effect, we reasoned that the fre-

quency of 1-grams such as “1951” could be used
to measure interest in the events of the corre-
sponding year, and we created plots for each year
between 1875 and 1975.

The plots had a characteristic shape. For
example, “1951” was rarely discussed until
the years immediately preceding 1951. Its fre-
quency soared in 1951, remained high for 3 years,
and then underwent a rapid decay, dropping by
half over the next 15 years. Finally, the plots

Fig. 2. Culturomics has profound consequences for
the study of language, lexicography, and grammar.
(A) The size of the English lexicon over time. Tick
marks show the number of single words in three
dictionaries (see text). (B) Fraction of words in the
lexicon that appear in two different dictionaries as a
function of usage frequency. (C) Five words added
by the AHD in its 2000 update. Inset: Median fre-
quency of new words added to AHD4 in 2000. The
frequency of half of these words exceeded 10−9 as
far back as 1890 (white dot). (D) Obsolete words
added to AHD4 in 2000. Inset: Mean frequency of
the 2220 AHD headwords whose current usage fre-
quency is less than 10−9. (E) Usage frequency of
irregular verbs (red) and their regular counterparts
(blue). Some verbs (chide/chided) have regularized
during the past two centuries. The trajectories for
“speeded” and “speed up” (green) are similar, re-
flecting the role of semantic factors in this instance
of regularization. The verb “burn” first regularized
in the United States (U.S. flag) and later in the
United Kingdom (UK flag). The irregular “snuck” is
rapidly gaining on “sneaked”. (F) Scatterplot of the
irregular verbs; each verb’s position depends on its
regularity (see text) in the early 19th century (x coor-
dinate) and in the late 20th century (y coordinate).
For 16% of the verbs, the change in regularity was
greater than 10% (large font). Dashed lines sepa-
rate irregular verbs (regularity < 50%) from reg-
ular verbs (regularity > 50%). Six verbs became
regular (upper left quadrant, blue), whereas two be-
came irregular (lower right quadrant, red). Inset:
The regularity of “chide” over time. (G) Median reg-
ularity of verbs whose past tense is often signified
with a -t suffix instead of -ed (burn, smell, spell, spill,
dwell, learn, and spoil) in U.S. (black) and UK (gray)
books.
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We find that the rise of the periphrastic ‘do’ was more rapid in neg-
ative declarative and imperative statements, for which we reject drift 
(FIT P =  0.005 and P =  0.003, respectively), than it was in affirma-
tive questions, for which we fail to reject drift (FIT P =  0.18, Fig. 3).  
Do-support also appears to rise rapidly in negative questions, although 
in this case the force of drift is strongest (Extended Data Table 3) and 
so we fail to reject drift (FIT P =  0.27, Fig. 3) despite sufficient power 
(Supplementary Information section 1.6). We might expect that selec-
tion for an auxiliary verb would operate equally in all grammatical 
contexts19, and yet the extensive parsed corpora do not support this 
hypothesis. Our analysis suggests an alternative scenario: the peri-
phrastic ‘do’ first drifted by chance to high frequency in questions, which 
then induced a directional bias towards ‘do’ in declarative and imperative 
statements for reasons of grammatical consistency or cognitive ease.

Finally, we studied the evolution of syntactic verbal negation from the 
12th to the 16th centuries, using 5,475 negative declaratives extracted 
from the Penn–Helsinki Parsed Corpus of Middle English. We observe 
pre-verbal negation (for example, Old English ‘Ic ne secge’) giving way 
to embracing bipartite negation (Middle English ‘I ne seye not’) and 
then finally to post-verbal negation (Early Modern English ‘I say not’), 
in a pattern known as Jespersen’s cycle11. For both transitions that form 
this cycle, we reject neutral drift (FIT P <  0.05, Fig. 4). This provides 
statistical support for longstanding hypotheses that changes in verbal 
negation are driven by directional forces, such as phonetic weakening11,  
or a tendency for speakers to over-use more emphatic forms of 
negation11,23 that then lose emphasis as they become dominant23,36. 
Although directionality in Jespersen’s cycle was first recognized by 
comparing multiple languages11, we reach the same conclusion by 
analysing changes in English alone.

Methods drawn from phylogenetics have enabled researchers to infer 
the relationships among divergent languages12,37–40. By contrast, the 
study of how a language changes over short timescales has not taken full 
advantage of statistical inference. Yet changes within a language must be 
the origin of differentiation between languages41. Combining massive 
digital corpora with time series inference techniques from  population 
genetics now allows us to disentangle distinct forces that drive  language 
evolution. How exactly individual-level cognitive processes in a 
 language learner5,11,19,33,34 produce population-level phenomena, such 
as drift and selection42, remains a topic for future research.
Online Content Methods, along with any additional Extended Data display items 
and Source Data, are available in the online version of the paper; references 
unique to these sections appear only in the online paper.

Code Availability Source code is available online at http://github.com/
mnewberry/ldrift.

Data Availability Data that support the findings of this study are available as 
the Corpus of Historical American English (https://corpus.byu.edu/coha/) and 
the Penn Parsed Corpora of Historical English (http://www.ling.upenn.edu/
hist-corpora/).
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Figure 3 | The rise of the periphrastic ‘do’ in Early Modern English. 
The frequency of ‘do’ as an auxiliary verb first rose in the context of 
interrogative sentences (grey). However, we cannot reject drift for either 
affirmative interrogatives (FIT P =  0.18) or negative interrogatives  
(FIT P =  0.27). Subsequently, do-support rose rapidly in negative 
declarative and negative imperative sentences, where we detect selection 
(FIT P =  0.005 and P =  0.003, respectively). Dotted lines plot the logistic 
curve with slope determined by the maximum-likelihood selection 
coefficient inferred in each grammatical context (Extended Data Table 3).  
These results suggest do-support rose by chance through drift in 
interrogative statements, setting the stage for directional evolution  
of do-support in other grammatical contexts.
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Figure 4 | Evolution of verbal negation. Pre-verbal negation (for example, 
Old English ‘Ic ne secge’) gave way to embracing bipartite negation 
(Middle English ‘I ne seye not’) and then to post-verbal negation (Early 
Modern English ‘I say not’). a, Frequencies of pre-verbal, bipartite, and 
post-verbal forms among 5,918 instances of negation from 56 texts in the 
Penn–Helsinki Parsed Corpus of Middle English. b, We infer selection 
for bipartite and post-verbal negation in the background of pre-verbal 
forms (FIT P =  0.02) and selection for post-verbal negation in a mixed 
population of pre-verbal and bipartite forms (FIT P =  0.04). Dotted lines 
indicate logistic curves corresponding to maximum-likelihood selection 
coefficients.
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conformity
(positive frequency-dependent bias)



Δp = D(2p-1)p(1-p)
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Time

Figure 11. Adoption curves for different values of a. As the size of the conformist component increases, the initial takeoff stretches ouL
Eventually, as a rises, the diffusion of the novel trait will be prevented by conformist transmission.

occur because more innovative individuals are subject to
more erroneous switchbacks, as their standard of evidence
for changing behaviors is lower—it is the price of innova-
tiveness.12 The dynamics of COViq^L), when added to the
standard /?-shaped curves produced by the NS terms in
Equation 18, will never produce an S-curve.

Many researchers believe the S-shaped cumulative
adoption curve to be the product of an underlying, nor-
mally distributed "time-to-adoption" curve that captures
the varying degrees of innovativeness distributed through-
out the population. In this view, "time to adoption" acts as
the inverse of innovativeness. When researchers test their
empirically derived Aq/At (dq/dt) curves for deviations
from normality, sometimes they pass (and cannot be dis-
tinguished from a normal distribution), and sometimes
they do not. When such curves do not pass the normality
test, researchers claim that they "approach normality." For
example, using the Iowa farmer data (Figure 1), re-
searchers went to great lengths to show that the data were
normally distributed. Yet they failed to show normality be-
cause of the distribution's long tail. However, from the
perspective I have presented here, there is no reason to ex-
pect underlying normality. Often, Equation 11 does pro-
duce time-to-adoption distributions that look approxi-
mately normal, but knowing if they are approximately
normal or not does not tell us anything more about the un-

derlying social-decision processes. For example, the time
derivative of a logistic curve (which is appropriate for bi-
ased transmission) looks quite normal and would certainly
appear normal if one sampled from it. More importantly,
Equation 11 can also produce underlying, nonnormal,
time-to-adoption distributions that are much more similar
to those produced by the diffusion of hybrid corn or of Tet-
racycline than to any normal distribution.

Many efforts to fit the S-dynamics of the diffusion lit-
erature have been made, especially in the marketing and
new product literatures (e.g., Bass 1969; Jensen 1982;
Kalish 1985; Oren and Schwartz 1988). For a long time,
research-ers have recognized that logistic curves in various
forms can fit many of the S-curves fairly well. Unfortu-
nately, the parameters in these functional forms have little
meaning because such "curve fits" lack any a priori theo-
retical foundation in human psychology or decision mak-
ing (Bass 1969). However, by assuming that individuals
vary in their degree of risk aversion in particular ways,
some research-ers have managed to construct environ-
mental learning models that under some conditions will
generate logistic S-curves (Jensen 1982; Kalish 1985; Oren
and Schwartz 1988). Although these models can produce
S-curves, based on individual differences in risk aversion
and Bayesian learning processes, the circumstances that
produce the 5-dynamics depend critically on the initial

Henrich (2001)





Mesoudi (2009)

inherited variation…

…that changes due to 
various processes 
including selection, 
migration, drift etc.



selection and 
transformation



“[Cultural traits] such as the theory of relativity are not 
the cumulative product of millions of random 

(undirected) mutations of some original idea, but each 
brain in the chain of production added huge dollops of 

value to the product in a non-random way.” 

(Pinker, 1995) 

see also Sperber (1996), Claidiere et al. (2014)



selection-like processes

! Model-based biases. Experimental and field evidence
demonstrates that people preferentially learn from
individuals who possess certain characteristics such as
skill or success [23–25], prestige [26–28], age [29] or
ethnic markers like dialect [30]. Model-based biases
are a useful short-cut to acquiring adaptive behaviour
without needing to directly evaluate the behaviour
itself, although this may allow the occasional copying of
neutral or maladaptive traits [27].

! Frequency-dependent biases. Here people preferentially
copy traits based on the trait’s frequency in the
population. Positive frequency-dependence (‘confor-
mity’) entails being disproportionately more likely to
copy the most common trait [24,31]. Negative
frequency-dependence (‘anti-conformity’) entails dis-
proportionately copying rare traits. Here ‘conformity’
and ‘anti-conformity’ are used more precisely than in
social psychology, where conformity often cannot be
distinguished from random copying [18,31]. Conformi-
ty has received particular attention as a means of
generating persistent between-group differences.

! Guided variation. This occurs when individuals trans-
form an acquired trait in a specific, non-random
direction, then pass on that modified trait to others
[32]. This can generate cross-cultural regularities when

biases are common across individuals. For example,
colour terminology has been shown experimentally to
converge on the same small number of terms due to
intrinsic regularities in our perceptual systems [33].
Another experiment showed that repeated transmis-
sion of social information  spontaneously generated
social stereotypes [34!]. Individual transformation has
sometimes been labelled ‘cultural attraction’ [35] or
Bayesian ‘inductive biases’ [36]. Transformation may
occur due to similar cognitive processes as those that
constitute content biases. However, it is useful to
distinguish them because while content biases
depend on the extent of cultural variation in the
population (much like natural selection depends on
the extent of genetic variation) and cannot generate
new cultural variation, guided variation does not
depend on existing variation and can generate new
cultural variation [32].

Cultural macro-evolution: linking psychology
to culture
Many of the aforementioned learning biases have also
been studied within social psychology (e.g. conformity) or
evolutionary psychology (e.g. content biases). A benefit of
placing them within a cultural evolutionary framework,
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Cultural micro-evolutionary learning dynamics. Schematic diagrams illustrating four commonly studied biases that generate cultural change.
Circles with letters represent different individuals. Different shadings indicate different cultural traits. (a) Individual A exhibits a content bias
favouring dark-shaded traits, so preferentially adopts the darkest-shaded trait from individual D. (b) Individual A exhibits a model-based bias to
preferentially learn from the most prestigious individual, as indicated by number of stars, in this case individual C. (c) Individual A exhibits
conformist bias so preferentially adopts the most common trait in the population, which here is the lighter-shaded trait. (d) Successive individuals
gradually transform a trait via guided variation, each one making the trait darker.
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transformative processes

Mesoudi (2016)

individuals transform cultural 
variants in specific, non-

random directions
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Q: Is cultural evolution best characterised by 
selective or transformative processes?

A: Either, or both, depending on the domain 
being studied and research question being 

addressed

Acerbi & Mesoudi (2015)



Whiten, 2004). If the cognitive mechanisms that make bloodletting an
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third party with no special status (e.g. relative), or third party with spe-
cial status (e.g. doctor). Finally, when enough information was avail-
able, the theory explaining the use of the therapy was coded as either
involving the idea of ‘bad blood’ or not. A second coder, blind to the hy-
potheses, recoded 10% of the data, andwe found a Cohen's Kappa of one
on 64 items.
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Fig. 2.Approximate localization of cultures practicing bloodletting referenced in eHRAF (©The Royal Society), with some examples of theway it is practiced (all pictures CC, except for top
left, Royal Society Picture Library). Squares represent cultures from the PSF.
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George Washington died after losing half is blood. This massive
blood losswasnot due to a battlewound, but to the lancets of physicians
(Cheatham, 2008; Morens, 1999). In this Washington was not excep-
tional: at least from the seventeenth to the mid-nineteenth century,
bloodletting—cutting patients to let some blood flow out with a
therapeutic aim—was one of the most popular forms of therapy in
Europe and North America (Wootton, 2006). Why would people cut
themselves—or, more commonly, ask others to cut them—to lose some
blood when they are already weakened by disease?

A first explanation is that bloodletting is efficient in preventing or
helping to cure some diseases. This is, however, unlikely. Phlebotomy,
the modern instantiation of bloodletting, has very few indications
(most of them rare diseases, see DePalma, Hayes, & Zacharski (2007).
Still, it could be that bloodletting used to be efficient for indications
that are now treated by more efficient means. In particular, it has been
suggested that bloodletting causes iron deficiency, which can help pre-
vent infections (Denic & Agarwal, 2007; see also Brain, 1986).While this
hypothesis suggests that bloodletting might have some positive effects
as a prophylactic, it says nothing about its value as a remedy when
the infection is already in place. Bloodletting could have placebo
effects, but it typically does not fulfill some of the conditions that

make a placebo efficient, such as the patient being active (for a list
of factors that increase the efficiency of placebo effects, see Trivers,
2011, p. 71).

More importantly, any positive effect bloodlettingmight havewould
bemitigated by its costs: bloodletting can endanger the patient's health
through blood loss (potentially leading to dehydration and hypovole-
mia, see Morens, 1999), infection (the concept of aseptic operation
was essentially unknown when bloodletting was commonly practiced
in the west), or the danger of severing an artery (Brain, 1986). Finally,
the reactions to blood loss—which can culminate in vasovagal syncope
—tend to be unpleasant—they are for instance considered obstacles to
blood donation (Bednall & Bove, 2011).

Another possibility to explain the spread and persistence of cultural
practices, and in particular of maladaptive ones, is to use frequency
based or model based biases such as the conformity and prestige biases
(Boyd & Richerson, 1985; Richerson & Boyd, 2005). The conformity bias
increases the likelihood that people adopt the most common behavior
in their population (Henrich & Boyd, 1998), while the prestige bias fa-
vors the adoption of the most prestigious individuals' behavior
(Henrich & Gil-White, 2001). The role of the prestige bias in the case
of bloodletting relates to a common explanation: that bloodletting
was practiced because it followed from the widely accepted humoral
theory of disease (e.g. Arika, 2007; Wootton, 2006). Both bloodletting
and the humoral theory had been part of the western cannon since
Galen and the Hippocratic writers (Arika, 2007). The prestige of ancient
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! Model-based biases. Experimental and field evidence
demonstrates that people preferentially learn from
individuals who possess certain characteristics such as
skill or success [23–25], prestige [26–28], age [29] or
ethnic markers like dialect [30]. Model-based biases
are a useful short-cut to acquiring adaptive behaviour
without needing to directly evaluate the behaviour
itself, although this may allow the occasional copying of
neutral or maladaptive traits [27].

! Frequency-dependent biases. Here people preferentially
copy traits based on the trait’s frequency in the
population. Positive frequency-dependence (‘confor-
mity’) entails being disproportionately more likely to
copy the most common trait [24,31]. Negative
frequency-dependence (‘anti-conformity’) entails dis-
proportionately copying rare traits. Here ‘conformity’
and ‘anti-conformity’ are used more precisely than in
social psychology, where conformity often cannot be
distinguished from random copying [18,31]. Conformi-
ty has received particular attention as a means of
generating persistent between-group differences.

! Guided variation. This occurs when individuals trans-
form an acquired trait in a specific, non-random
direction, then pass on that modified trait to others
[32]. This can generate cross-cultural regularities when

biases are common across individuals. For example,
colour terminology has been shown experimentally to
converge on the same small number of terms due to
intrinsic regularities in our perceptual systems [33].
Another experiment showed that repeated transmis-
sion of social information  spontaneously generated
social stereotypes [34!]. Individual transformation has
sometimes been labelled ‘cultural attraction’ [35] or
Bayesian ‘inductive biases’ [36]. Transformation may
occur due to similar cognitive processes as those that
constitute content biases. However, it is useful to
distinguish them because while content biases
depend on the extent of cultural variation in the
population (much like natural selection depends on
the extent of genetic variation) and cannot generate
new cultural variation, guided variation does not
depend on existing variation and can generate new
cultural variation [32].

Cultural macro-evolution: linking psychology
to culture
Many of the aforementioned learning biases have also
been studied within social psychology (e.g. conformity) or
evolutionary psychology (e.g. content biases). A benefit of
placing them within a cultural evolutionary framework,
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Cultural micro-evolutionary learning dynamics. Schematic diagrams illustrating four commonly studied biases that generate cultural change.
Circles with letters represent different individuals. Different shadings indicate different cultural traits. (a) Individual A exhibits a content bias
favouring dark-shaded traits, so preferentially adopts the darkest-shaded trait from individual D. (b) Individual A exhibits a model-based bias to
preferentially learn from the most prestigious individual, as indicated by number of stars, in this case individual C. (c) Individual A exhibits
conformist bias so preferentially adopts the most common trait in the population, which here is the lighter-shaded trait. (d) Successive individuals
gradually transform a trait via guided variation, each one making the trait darker.
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The fact that acoustic radiation from a violin at
air-cavity resonance is monopolar and can be
determined by pure volume change is used to help
explain related aspects of violin design evolution. By
determining the acoustic conductance of arbitrarily
shaped sound holes, it is found that air flow at
the perimeter rather than the broader sound-hole
area dominates acoustic conductance, and coupling
between compressible air within the violin and its
elastic structure lowers the Helmholtz resonance
frequency from that found for a corresponding rigid
instrument by roughly a semitone. As a result of the
former, it is found that as sound-hole geometry of
the violin’s ancestors slowly evolved over centuries
from simple circles to complex f-holes, the ratio of
inefficient, acoustically inactive to total sound-hole
area was decimated, roughly doubling air-resonance
power efficiency. F-hole length then slowly increased
by roughly 30% across two centuries in the renowned
workshops of Amati, Stradivari and Guarneri,
favouring instruments with higher air-resonance
power, through a corresponding power increase
of roughly 60%. By evolution-rate analysis, these
changes are found to be consistent with mutations
arising within the range of accidental replication
fluctuations from craftsmanship limitations with
subsequent selection favouring instruments with
higher air-resonance power.
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Figure 1. Acoustic air-resonance power efficiency grows as sound hole shape evolves over centuries through the violin’s
European ancestors to the violin. (a) Change in radiated acoustic air-resonance power for an elastic instrument Wair-elastic

(equation (4.5)), rigid instrument Wair-rigid (equation (4.2)) and infinite rigid sound hole bearing wall Wwall (equation (4.1))
as a function of sound hole shape, where percentage change is measured from the circular sound hole shape. (b) Air-resonance
frequency for elastic instrument f air-elastic (equation (4.4)) and rigid instrument f air-rigid (equation (4.3)) as a function of sound
hole shape, normalized by f air-elastic for the circular opening (i). (c) Conductance C (equation (2.3)) and perimeter length L for
different sound hole shapes of fixed sound-hole area, normalized to be unity for the circular opening (i). Shape overlap occurred
between nearby centuries. Only sound hole shape is changed and all other parameters are held fixed and equal to those of the
1703 ‘Emiliani’ Stradivari violin [30]. The conductance of the two interacting sound holes for each instrument is determined from
equation (2.3). Data sources are provided in the electronic supplementary material, §5.
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The fact that acoustic radiation from a violin at
air-cavity resonance is monopolar and can be
determined by pure volume change is used to help
explain related aspects of violin design evolution. By
determining the acoustic conductance of arbitrarily
shaped sound holes, it is found that air flow at
the perimeter rather than the broader sound-hole
area dominates acoustic conductance, and coupling
between compressible air within the violin and its
elastic structure lowers the Helmholtz resonance
frequency from that found for a corresponding rigid
instrument by roughly a semitone. As a result of the
former, it is found that as sound-hole geometry of
the violin’s ancestors slowly evolved over centuries
from simple circles to complex f-holes, the ratio of
inefficient, acoustically inactive to total sound-hole
area was decimated, roughly doubling air-resonance
power efficiency. F-hole length then slowly increased
by roughly 30% across two centuries in the renowned
workshops of Amati, Stradivari and Guarneri,
favouring instruments with higher air-resonance
power, through a corresponding power increase
of roughly 60%. By evolution-rate analysis, these
changes are found to be consistent with mutations
arising within the range of accidental replication
fluctuations from craftsmanship limitations with
subsequent selection favouring instruments with
higher air-resonance power.
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Figure 7. Measured evolution rates and thresholds distinguishing mutation origins as being consistent or inconsistent with
accidental replicationfluctuations from craftsmanship limitations.Mean evolution rates for (a) linear sound hole dimension and
(b) estimated radiated acoustic power at air resonance. Below N = 2, corresponding to ECraftFluct (equation (6.1), lower dashed
grey line), mutations likely arise within the range of accidental replication fluctuations due to craftsmanship limitations. Above
N ≈ 4, corresponding to EDesignPlan (equation (6.2), upper dashed grey line), mutations probably arise from planned design
changes. All rates are based on a generational period of 0.1 year (electronic supplementary material, §5).

replication noise due to random craftsmanship fluctuations before the nineteenth century. All
measured evolution rates require very small and easy to attain minimum generational selection
pool populations of between 1 and 1.12 instruments. Evolution rates exceeding the replication
noise standard deviation per generational period, EDesignPlan (equation (6.2)), which corresponds
to N = 4 for the given noise distribution, are more likely to be due to planned design alterations,
but none above even the N = 2 threshold were found up to and including the Cremonese
period. For the late Guarneri period, measured f-hole length and estimated power evolution rates
dramatically increase (figure 7). This is consistent with a significant increase in preference for
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Savart Chanot

Figure 8. Sound hole shapes and violins made by Savart and Chanot in the early 1800s [49–51]. While the Savart and Chanot
instruments, which had notable design differences from classical violins, were unsuccessful, they were made for the violin
repertoire andwere consistently referred to as violins by their creators and in subsequent literature [49–51]. In particular, Savart’s
instrument is usually referred to as the ‘trapezoidal’ violin and Chanot’s instrument is usually referred to as the ‘guitar-shaped’
violin [6,50,51].

instruments with longer f-holes and higher power or a significant increase in the mean selection
pool population available compared with past generations. If lower evolution rates are associated
with more stable evolutionary niches characterized by low environmental pressure for change,
then the Stradivari period would be most stable and the Guarneri the least based on figure 7,
which is consistent with historical evidence [38,39].

In unsuccessful evolutionary offshoots, relatively drastic and temporally impulsive changes
to sound hole shape (figure 8) and violin design were made by Savart and Chanot in the early
1800s by well-documented preconceptions [49–51]. Their respective evolution rates in sound hole
perimeter length and power are so large that they are inconsistent with random craftsmanship
fluctuations, leaving planned design change as the likely possibility (figure 7). The air resonance
power efficiencies and conductances of the Savart and Chanot sound holes are significantly
lower than those of the classic violin f-holes: Savart and Chanot sound holes (figure 8) have
perimeter lengths that are lower by roughly 34% and 30% (figure 7a), and air resonance powers
that are lower by roughly 23% and 17% (figure 7b), than those of classical Cremonese violin
f-holes (figure 1(vi)), and are a regression to sound hole shapes of the fourteenth–fifteenth
centuries (figure 1a) in terms of air resonance power. These results are consistent with the
classical Cremonese violin makers taking the conservative approach of letting inevitable random
craftsmanship fluctuations, or small planned changes of magnitude consistent with those of
such random fluctuations, be the source of mutations that led to evolution by subsequent
selection and replication. This approach avoids the potential waste of implementing flawed
preconceptions that exceed those of inevitable craftsmanship fluctuations. Savart and Chanot
were scientists rather than professional violin makers. They apparently were freer to take the far
riskier approach of gambling with the implementation of drastically different sound hole shapes
based on preconceptions. Such gambling could produce much greater changes in efficiency in a
short time. Unfortunately, the conductance theory here shows them to have been less efficient
than the f-hole in terms of power efficiency at air resonance.

7. Experimental verification of the conductance theory
By experimentally stimulating an approximately rigid vessel with violin f-holes with an external
sound source and an internal receiver, the conductance theory of §§2 and 3 is found to provide
an excellent match (RMSE ≈ 1%) with measured values of Helmholtz resonance frequency
(figure 9). A similar match between conductance theory results and measured Helmholtz
resonance frequencies is found for a rigid vessel containing annular sound holes of varying
thickness, as shown in figure 2g. Details of the measurements are provided in [52].
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displaced area to total plate surface area for actual violin top and back plates at air resonance
have been experimentally determined (electronic supplementary material, §6) from holographic
measurements [57].

The air-resonance dynamics of i = 1, 2, 3, . . . N Cremonese violins beginning from Amati
1560 to Guarneri 1745, where N = 485 are analysed. Known design parameters Ci (electronic
supplementary material, §9), Vi, h top

i , hback
i and ha

i from direct measurements or interpolation
appear in figures 4c and 5. Small variations in top plate thickness h top

i about h̄ top for the ith violin
lead to top plate stiffness Ktop

i = K̄top + ϵtop[h top
i − h̄ top] near air resonance where ϵtop is the first-

order Taylor series coefficient. Similarly, back plate stiffness Kback
i = K̄back + ϵback[hback

i − h̄back]
near air resonance depends on plate thickness hback

i , where ϵback is the first-order Taylor series
coefficient for small variations near h̄back. The equivalent displaced top plate and back plate
areas (electronic supplementary material, §6) that contribute to acoustic radiation via net volume
change near air resonance are given by Stop

i = ξ topAtop
i and Sback

i = ξbackAback
i , where Atop

i = Vi/ha
i

and Aback
i = Vi/ha

i are the total top and back plate areas. The displaced masses of the top and
back plates near air resonance are then Mtop

i = ρtoph top
i Stop

i and Mback
i = ρbackhback

i Sback
i . Damping

factors at air resonance

Rair
i ≈ ρair

4πcair
(ωair

i )2, Rtop
i ≈

ρair(Stop
i )2

4πcair
(ωair

i )2,

Rback
i ≈

ρair(Sback
i )2

4πcair
(ωair

i )2

and Rtop-back
i ≈

ρair(Stop
i )2

4πcair
(ωair

i )2, Rback-top
i ≈

ρair(Sback
i )2

4πcair
(ωair

i )2

⎫
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

(9.1)

are determined such that the energy dissipated by the damping forces acting on the plates and
air piston is equal to that acoustically radiated from plate oscillations and air flow through the
sound holes (electronic supplementary material, §3), where constants ρtop and ρback are top and
back plate densities, respectively. Viscous air flow damping at the sound hole is at least one
order of magnitude smaller than radiation damping [10] at air resonance and is negligible. In the
guitar model [21,54], damping coefficients were empirically determined by matching modelled
and measured sound spectra and/or plate mobility. The physical approach for determining the
damping coefficients used here follows Lamb [4], through a radiation damping mechanism. The
Q-factors obtained here for the air resonance peaks and the corresponding half power bandwidth
are within roughly 20% of those measured for violins [13,58], indicating that radiation damping
is the dominant source of damping at the air resonance frequency.

Narrowband [31,59– 61] forcing F(t) ≈ F0(t) e−jωair
i t that is spectrally constant in the vicinity

of the air resonance peak ωair
i is assumed, where F0(t) is a slowly varying temporal envelope

that is the same for each of the i = 1, 2, 3, . . . N violins. This allows narrowband approximations
[31,59– 61] for the displacements x top

i (t) ≈ χ
top
i (t) e−jωair

i t , x back
i (t) ≈ χback

i (t) e−jωair
i t and vair

i (t) ≈
γ air

i (t) e−jωair
i t, where χ

top
i (t), χback

i (t) and γ air
i (t) are slowly varying temporal envelopes that are

effectively constant at the center of the time window for the ith violin. The harmonic oscillating
system at air resonance for the ith violin can then be described by

⎛

⎜⎜⎝

B11 B12 B13

B21 B22 B23

B31 B32 B33

⎞

⎟⎟⎠

⎛

⎜⎜⎜⎝

x top
i (t)

x back
i (t)

vair
i (t)

⎞

⎟⎟⎟⎠
=

⎛

⎜⎝
F(t)

0
0

⎞

⎟⎠ , (9.2)
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where

B11 = Mtop
i

d2

dt2 + Rtop
i

d
dt

+
[

Ktop
i +

ρairc2
air

Vi
(Stop

i )2

]

,

B12 = Rback-top
i

d
dt

+
ρairc2
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Stop
i Sback
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Stop
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i Stop
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[
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(9.3)

Estimates of the parameters K̄top, K̄back, ξ top, ξback, ϵtop and ϵback at the air resonance frequency
are obtained by comparing measured air resonance frequency data of Cremonese violins with
those obtained from electronic supplementary material, equation (S9) via the method of least
squares. Twenty-six air resonance frequency measurements previously obtained in the literature
corresponding to 26 extant Cremonese violins [43–45] are used. Parameter ranges in the least-
squares estimate are constrained to be near independently measured values. Specifically, the
parameters K̄top, K̄back, ξ top and ξback are all constrained to have small first-order variations,
i.e. no more than roughly 33%, from empirical values determined from direct measurements by
Jansson and colleagues [56,57] of an actual violin top plate with f-holes, curvature, bass bar and
effectively zero displacement at the location of the sound post and ribs (electronic supplementary
material, §6) and a violin back plate with curvature, and effectively zero displacement at the
location of sound post and ribs (electronic supplementary material, §6). The sum of the squared
differences between measured and estimated air resonance frequencies

Ψ =
N∑

i=1

s[i]
∣∣∣ωair-data

i − ω̂air
i (Ci, Vi, h top

i , hback
i , ha

i |K̄
top, K̄back, ξ top, ξback, ϵtop, ϵback)

∣∣∣
2

(9.4)

is minimized with respect to parameters K̄top, K̄back, ξ top, ξback, ϵtop and ϵback resulting in the
least-squares estimates

[ ˆ̄K
top

, ˆ̄K
back

, ξ̂ top, ξ̂back, ϵ̂top, ϵ̂back] = [arg minΨ (K̄top, K̄back, ξ top, ξback, ϵtop, ϵback)], (9.5)

where i = 1, 2, . . . N and s[i] = 1 for the ith violin if air resonance frequency data ωair-data
i are

available, otherwise s[i] = 0. These least-squares estimates are also the maximum-likelihood
estimates because the measured air resonance frequencies are uncorrelated and have roughly the
same variance across time, and so have minimum variance for large samples [61,62].

Estimates for ˆ̄K
top

, ˆ̄K
back

, ξ̂ top, ξ̂back, ϵ̂top and ϵ̂back are provided in table 1. These least-squares
estimates are used to determine the air resonance frequency ωair

i via electronic supplementary
material, equation (S9) and x top

i , x back
i and vair

i via equation (9.2) in the vicinity of the air resonance
peak given the violin design parameters of figures 4c and 5 for the ith violin. The total radiated
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! Model-based biases. Experimental and field evidence
demonstrates that people preferentially learn from
individuals who possess certain characteristics such as
skill or success [23–25], prestige [26–28], age [29] or
ethnic markers like dialect [30]. Model-based biases
are a useful short-cut to acquiring adaptive behaviour
without needing to directly evaluate the behaviour
itself, although this may allow the occasional copying of
neutral or maladaptive traits [27].

! Frequency-dependent biases. Here people preferentially
copy traits based on the trait’s frequency in the
population. Positive frequency-dependence (‘confor-
mity’) entails being disproportionately more likely to
copy the most common trait [24,31]. Negative
frequency-dependence (‘anti-conformity’) entails dis-
proportionately copying rare traits. Here ‘conformity’
and ‘anti-conformity’ are used more precisely than in
social psychology, where conformity often cannot be
distinguished from random copying [18,31]. Conformi-
ty has received particular attention as a means of
generating persistent between-group differences.

! Guided variation. This occurs when individuals trans-
form an acquired trait in a specific, non-random
direction, then pass on that modified trait to others
[32]. This can generate cross-cultural regularities when

biases are common across individuals. For example,
colour terminology has been shown experimentally to
converge on the same small number of terms due to
intrinsic regularities in our perceptual systems [33].
Another experiment showed that repeated transmis-
sion of social information  spontaneously generated
social stereotypes [34!]. Individual transformation has
sometimes been labelled ‘cultural attraction’ [35] or
Bayesian ‘inductive biases’ [36]. Transformation may
occur due to similar cognitive processes as those that
constitute content biases. However, it is useful to
distinguish them because while content biases
depend on the extent of cultural variation in the
population (much like natural selection depends on
the extent of genetic variation) and cannot generate
new cultural variation, guided variation does not
depend on existing variation and can generate new
cultural variation [32].

Cultural macro-evolution: linking psychology
to culture
Many of the aforementioned learning biases have also
been studied within social psychology (e.g. conformity) or
evolutionary psychology (e.g. content biases). A benefit of
placing them within a cultural evolutionary framework,
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! Model-based biases. Experimental and field evidence
demonstrates that people preferentially learn from
individuals who possess certain characteristics such as
skill or success [23–25], prestige [26–28], age [29] or
ethnic markers like dialect [30]. Model-based biases
are a useful short-cut to acquiring adaptive behaviour
without needing to directly evaluate the behaviour
itself, although this may allow the occasional copying of
neutral or maladaptive traits [27].

! Frequency-dependent biases. Here people preferentially
copy traits based on the trait’s frequency in the
population. Positive frequency-dependence (‘confor-
mity’) entails being disproportionately more likely to
copy the most common trait [24,31]. Negative
frequency-dependence (‘anti-conformity’) entails dis-
proportionately copying rare traits. Here ‘conformity’
and ‘anti-conformity’ are used more precisely than in
social psychology, where conformity often cannot be
distinguished from random copying [18,31]. Conformi-
ty has received particular attention as a means of
generating persistent between-group differences.

! Guided variation. This occurs when individuals trans-
form an acquired trait in a specific, non-random
direction, then pass on that modified trait to others
[32]. This can generate cross-cultural regularities when

biases are common across individuals. For example,
colour terminology has been shown experimentally to
converge on the same small number of terms due to
intrinsic regularities in our perceptual systems [33].
Another experiment showed that repeated transmis-
sion of social information  spontaneously generated
social stereotypes [34!]. Individual transformation has
sometimes been labelled ‘cultural attraction’ [35] or
Bayesian ‘inductive biases’ [36]. Transformation may
occur due to similar cognitive processes as those that
constitute content biases. However, it is useful to
distinguish them because while content biases
depend on the extent of cultural variation in the
population (much like natural selection depends on
the extent of genetic variation) and cannot generate
new cultural variation, guided variation does not
depend on existing variation and can generate new
cultural variation [32].
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Abstract Over the last 40 years or so, there has been an explosion of cultural
evolution research in anthropology and archaeology. In each discipline, cultural
evolutionists investigate how interactions between individuals translate into group
level patterns, with the aim of explaining the diachronic dynamics and diversity of
cultural traits. However, while much attention has been given to deterministic
processes (e.g. cultural transmission biases), we contend that current evolutionary
accounts of cultural change are limited because they do not adopt a systematic
stochastic approach (i.e. accounting for the role of chance). First, we show that, in
contrast with the intense debates in ecology and population genetics, the importance
of stochasticity in evolutionary processes has generated little discussion in the
sciences of cultural evolution to date. Second, we speculate on the reasons, both
ideological and methodological, why that should be so. Third, we highlight the
inadequacy of genetically-inspired stochastic models in the context of cultural
evolution modelling, and ask which fundamental stochastic processes might be
more relevant to take up. We conclude that the field of cultural evolution would
benefit from a stochastic revolution. For that to occur, stochastic models ought to be
developed specifically for cultural data and not through a copy-pasting of neutral
models from population genetics or ecology.
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• early cultural evolution research used the 
Wright-Fisher model of stochastic cultural 
change (e.g. Cavalli-Sforza & Feldman 
1981; Bentley et al. 2004)

• assumes people copy random others

• superficially fits datasets (e.g. first names, 
dog breeds), but is it realistic?

• "stochastic models ought to be developed 
specifically for cultural data and not 
through a copy-pasting of neutral models 
from population genetics or ecology" 
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Figure 1. Computer simulation of the neutral model. Each vertical column of squares represents an individual (A, B, …, O),
each row represents a successive time step and different numbers represent different variants. New random numbers represent
innovations (in individuals shaded grey). With three mutations per time step in this example, ! = 3/15 = 0.20. Each individual
that does not mutate copies another individual from the previous time step (black lines). For the frequency distribution, we
count all the appearances of each variant over all the time steps, as shown in the columns on the right.

population, the discrete possible values being
v= 1/N, 2/N, 3/N,…, 1). This is given by

P(v) = 2N!" 1(1 " v)2N!" 1. (2.1)

Note that the important parameter is the product of N
and !, such that the same equilibrium frequency distri-
bution can result from different population sizes and
mutation rates whose products are the same (Kimura &
Crow 1964; Ewens 1972). This is somewhat counter-
intuitive, but we demonstrate that it is true through com-
puter simulations of the neutral model in § 2a.

Unfortunately, the equilibrium distribution given by
Kimura & Crow (1964) is the distribution at a single point
in time, whereas archaeologists and anthropologists usu-
ally encounter data representing the accumulation of cul-
tural variants over time (e.g. artefacts, yearly record of
applications for patents), and this cannot be compared
with the instantaneous distribution predicted by Kimura &
Crow (1964). Instead, because we are not aware of an
analytical solution for the neutral model in terms of the
frequency distribution of variants accumulated over time,
we use computer simulations to explore the results.

(a) Computer simulation of the neutral model
We use a simple computer simulation of the neutral

model written in a Java-based simulation package called
Repast v. 2.0 (http://repast.sourceforge.net/). As sche-
matically shown in figure 1, the simulation arbitrarily
assigns numerical variants to a population of N individ-
uals, which are then subject to repeated mutation and
copying, while the occurrence of every variant to appear
in the population throughout the run was kept track of

Proc. R. Soc. Lond. B (2004)

cumulatively (see Hahn & Bentley (2003) for details).
Each individual in the starting population had a unique
variant. Every time step, the N individuals are replaced
with N new individuals, each of which receives either a
variant copied at random from the previous time step
(with probability (1" !)) or a novel variant (‘mutation’;
with probability !).

We ran the neutral model using different numbers of indi-
viduals, N, and mutation rates, !. Under random drift, all
variants are copied with a probability that is proportional to
their frequency at that moment. However, because chance
is still quite important, any new mutation in the drift pro-
cess stands a small chance of rising to a high frequency in
future generations. It is actually expected that some of the
newly created variants will become highly popular at some
point in the future, while most will be lost. The arbitrary
nature of the process means that it is impossible to predict
which variants in particular will become common and which
will be lost. However, if we choose a set of variants that
were ‘born’ during approximately the same time period and
follow their changing frequencies through time, the
expected average frequency stays the same, even though the
standard deviation of variant frequencies increases with age
(Wright 1931; Crow & Kimura 1970).

An elegant pattern emerges from this random process
over time. Figure 2 shows the variant frequency distri-
butions, counted cumulatively over 1000 time steps,
resulting from runs with N = 250 individuals and a range
of !-values. The consistent result of each run is very
nearly a power-law distribution P(v) of variant fre-
quencies, P(v) ~ C/vα, which in each case appears as an
almost straight line, with a slope of " #, on the log–log
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Table 2. Analogies between the neutral model and our three real-world examples.

analogy data variants individuals, N mutation rate, !

baby names names new births/time novel names per birth per time
patents citations total citations/time 1/N × newly cited patents per time
pottery motifs motifs pots or households new motifs per household per time

"1 # "2 = 0.1042 ln(N1!1/N2!2). (2.3)

We can use equation (2.3) to predict the power-law
slope, ", for the distribution of variant frequencies, as long
as we are able to determine " for a reference sample, given
the values of N! relative to this reference population. This
will become clearer as we analyse our three datasets.

All simulation runs that we discuss from this point for-
ward were for 1000 time steps, unless otherwise stated.
We find quite simply that if we plot the variant frequency
distribution as a function of the number of copies on the
x-axis, then the duration of the run does not change the
distribution except to extend its tail for longer runs
(figure 3b).

3. DATASETS

We now turn to comparisons of the neutral model with
datasets on three traits, which are quite different in kind
(first names, pottery decoration variants and technological
inventions), in time (prehistoric versus modern) and in
how they were collected (archaeological excavation versus
government recording agencies). These three traits involve
variants that are discretely identifiable and that replicate
with a high degree of fidelity, such that mutations are
obvious, as with patent no. ‘3465784’ or first name
‘Tyler’. While archaeological pottery motifs may not be as
discrete, in this particular case they are easily identifiable,
faithfully replicated and different from one another
(Frirdich 1994), much as the same letters of the alphabet
written by different hands are still recognizable.

Table 2 shows how we view these as cultural variants
in relation to the neutral model. Different first names are
seen as variants, and people given that name are seen as
individuals. Decorative motifs, recognizably reproduced
on different pottery vessels, are seen as the variants,
whereas the pots on which they are found may be seen as
the individuals. With patents, we liken each reference to
another patent within a patent application to an individual
copying a single variant in the neutral model. So we can
let the number of individuals, N, be the total number of
new citations per time interval. Then the mutation rate,
!, is the chance that one of those new references cites a
patent that has never been cited before, which is equival-
ent to the number of newly cited patents per time step
divided by N. Hence N! is approximately the number of
newly cited patents per time step.

After introducing each dataset, we explore it in terms
of the overall variant frequency distribution and by using
one frequency distribution to predict other distributions,
using only equation (2.3).

(a) Dataset 1: first names in the twentieth century
USA

The US Census Bureau (www.census.gov/genealogy/
www/freqnames.html) provides lists of first-name
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Figure 4. Frequency distribution of first names, from 1990
US Census data. The popularity of a name is measured as a
fraction of the US population. The exponent " for male
names (squares) is 1.73 (r2 = 0.990) and for female names
(circles) is 1.93 (r2 = 0.968). Dotted line, N! = 16 model
(100 time steps); solid line, N! = 8 model (100 time steps).

frequencies in a sample of 6.3 million Americans, about
one-fortieth of the US population, from the 1990 US
Census. These census data include 4275 different female
first names and 1219 different male names. An additional
dataset was provided by a US Social Security Adminis-
tration Web site (www.ssa.gov/OACT/babynames/) that
ranks the 1000 most common boys’ and girls’ names in
each decade of the twentieth century, from a sample of
5% of the social-security cards issued.

Like that of the variants in our neutral simulation, the
observed distribution of US Census names (figure 4) exhi-
bits power laws for both female (" = 1.93, r2 = 0.968) and
male (" = 1.73, r2 = 0.990) names. Similarly, Hahn &
Bentley (2003) showed that the distributions of baby-
name frequencies are fitted by power laws for each decade
of the past century, with all r2 values above 0.97 for both
male (" = 1.70 ± 0.07 for the 10 decades) and female
(" = 1.84 ± 0.06) names. We see that the "-values for the
census and baby-name data are not significantly different.
Although the names in the 1990 Census have accumu-
lated over approximately a century (assuming that not
many people are over 100 years old), rather than a decade
as for the baby names, the census distributions are similar
to the decadal baby-name distributions because the shape
of the distribution does not change with the duration of
the neutral simulation (figure 3b), even though the under-
lying frequencies of individual variants do change. Hence
the neutral model fits the frequency distributions from
both the census data (figure 4) and the baby-name data
(Hahn & Bentley 2003) quite well.

Having shown that the neutral model fits the distri-
bution of first names, we would also like to use this model
to predict the frequency distribution of data using
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“Accumulated Copying Error” model (Eerkens & Lipo 2005)

where Y(t) represents the attribute at any time t, and
Y(t + 1) represents the attribute at the next point in
time (i.e., t + 1 or the next generation). In the equa-
tion above, c represents the error rate divided by
two and N(0,1) is a normal random variable with
mean of zero and variance of one. Thus, the length
of the arrowhead at time t + 1 is the length at the
previous time plus a small amount of error. This er-
ror is normally distributed around the value 0 and is
scaled by both the error rate (3%) and previous
attribute value. The amount of error, therefore,
can be positive or negative. Over time, the cumula-
tive results of this error will behave in a stochastic
fashion. This particular stochastic process has been
well studied by mathematicians and is known more
generally as a multiplicative linear white noise pro-
cess (Gardiner, 1985, pp. 103–104).

We modeled this process across 400 generations
with 10 individuals in each generation (i.e., 10 lineag-
es), where there is no interaction between contempo-
rary individuals (i.e., vertical transmission only). Ten
such Markov chains are shown in Fig. 1. As seen,
each population drifts around the mean, increasing
or decreasing slightly with each generation. While,
individual lineages can drift quite far from the mean,
the overall average stays about the same. This is a re-
sult well known from biological studies on genetic
drift (e.g., Wright, 1970). What clearly changes over
time, however, is the amount of variation between
the ten lineages. The coefficient of variation (CV) is

one way of tracking the amount of variation within
a population of measures. The CV is a dimensionless
measure of variation across populations and
represents the sample standard deviation divided
by the sample mean multiplied by 100. If we calcu-
late the CV in our simulation we can see that it
increases monotonically through time. In fact, we
can express the CV as a function of the number of
generations that have passed (i.e., time) and the error
rate. The general formula describing the relationship
between CV, error rate, and time is:

CV ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ec2t " 1

p
; ð2Þ

where e equals 2.7183 (sometimes called Euler!s con-
stant), c is the error rate divided by two, and t is time
measured in the number of generations. This equa-
tion implies that the CV strictly increases but that
the rate of increase slows over time, much like a
parabola turned on its side. The dashed line depicting
CV in Fig. 1 shows the relation between these
parameters.

These basic simulations show that, in the absence
of interaction and selection but with copying error,
variation will be transmitted and amplified over
time. This is due simply to imprecision in how hu-
mans are able to visually measure, remember, and
replicate artifacts. The rate of CV increase, howev-
er, slows down over time, roughly as the square root
of the number of generations.
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Fig. 1. Average and CV of 10 drifting Markov chains under unbiased transmission.
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But, ±3% (Weber fraction) comes from 
psychophysics experiments, using lines and 

abstract shapes, and very small Ns

• does this ±3% also apply to artefact shapes?
• is everyone’s Weber fraction ±3%?
• are there emergent effects when extended over 

many people?
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Ethics statement
The study was approved by the Queen Mary Research Ethics

Committee. All participants viewed an informed consent screen
and agreed to it by tapping an electronic button; this procedure
was approved by the Research Ethics Committee. All data was
analyzed anonymously, and gender and age information was
deleted after calculating summary statistics across the whole
sample.

Results

Our full results dataset is available in the supplemental materials
(Data S1). Our first aim was to estimate s2 . Figure 3 shows normal
probability plots (in which a straight diagonal line at y = x indicates
perfect fit to a normal distribution) for the distribution of
empirically measured copying errors in each condition. For each
transmission event, copying error is measured by the final size of
the right hand image divided by the size of the left hand image. As
can be seen, they appear normal; in order to formally test this
hypothesis, we used the Anderson-Darling normality test, which
did not reject normality for either distribution (larger condition:
A = 0.53; p = 0.17; smaller condition: A = 0.44; p = 0.29). Having
established their normality, we can estimate s by measuring the
sample standard deviation (we report the sample standard
deviation here rather than the sample variance to avoid reporting
very small numbers, and also because standard deviations are
easier to interpret, being measured in physical units rather than
units squared), which was 0.0269 for the larger condition and
0.0399 for the smaller condition, with an overall mean of 0.0343.

Our second aim was to test the two predictions of the model.
Figure 4 shows the empirically measured sizes, means, and
variances of the chains over time, and their fit to the predicted
values calculated according to the equations derived above. As

Var(Sg) depends on s2 , the empirically measured values of s for
each condition were substituted into the expression in order to
calculate the predicted variances plotted in Figure 4B. As can be
seen, the measured means do not seem to fit the predicted mean
well, but the measured variances do seem to fit the predicted
variances. In order to formally test these hypotheses, we simulated
the process described by the theoretical model, substituting in the
empirically measured variances for each condition’s distribution of
copying errors, and matching the conditions of our experiment

(i.e. 10 chains of 10 generations each in each condition). This was
done with R [46] using code given in the supplemental materials
(Code S1). We derived empirical p-values by measuring the
proportion of times that a value equal to or more extreme, in the
appropriate direction, than the measured final mean and variance
in each condition occurred over 10,000 simulations. For the larger
condition, the proportion of simulations where the final mean was
equal to or more extreme than the empirically measured final
mean was 0.01, and the proportion where the final variance was
equal to or more extreme than the measured final variance was
0.44; for the smaller condition, 0.22 and 0.42. Thus, our visual
intuitions are partly vindicated: the final mean in the larger
condition does deviate from the predicted mean more than
expected by chance at the 5% significance level, but the final mean
in the smaller condition does not, while the final variances in both

Figure 1. Simulations of the ACE model. (A) 10 chains evolving over 400 generations (black lines) and theoretically predicted mean (thick black
line) and variance (thick dashed line). (B) 200 chains evolving over 1000 generations, with individual chains represented by semi-transparent grey
lines so that multiple overlapping lines produce darker colors. The thick black line shows the mean of all chains. In both panels, S0~10 and s~0:03 .
doi:10.1371/journal.pone.0048333.g001

Figure 2. The main screen of the iPad-based experiment. The
handaxe image on the left was created by the previous participant, and
the current participant is asked to resize the handaxe image on the
right so as to match the size of the previous participant’s as closely as
possible. Participants pressed the tick mark to complete the experi-
ment.
doi:10.1371/journal.pone.0048333.g002
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An Experimental Test of the Accumulated Copying Error
Model of Cultural Mutation for Acheulean Handaxe Size
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Abstract

Archaeologists interested in explaining changes in artifact morphology over long time periods have found it useful to create
models in which the only source of change is random and unintentional copying error, or ‘cultural mutation’. These models
can be used as null hypotheses against which to detect non-random processes such as cultural selection or biased
transmission. One proposed cultural mutation model is the accumulated copying error model, where individuals attempt to
copy the size of another individual’s artifact exactly but make small random errors due to physiological limits on the
accuracy of their perception. Here, we first derive the model within an explicit mathematical framework, generating the
predictions that multiple independently-evolving artifact chains should diverge over time such that their between-chain
variance increases while the mean artifact size remains constant. We then present the first experimental test of this model in
which 200 participants, split into 20 transmission chains, were asked to faithfully copy the size of the previous participant’s
handaxe image on an iPad. The experimental findings supported the model’s prediction that between-chain variance
should increase over time and did so in a manner quantitatively in line with the model. However, when the initial size of the
image that the participants resized was larger than the size of the image they were copying, subjects tended to increase the
size of the image, resulting in the mean size increasing rather than staying constant. This suggests that items of material
culture formed by reductive vs. additive processes may mutate differently when individuals attempt to replicate faithfully
the size of previously-produced artifacts. Finally, we show that a dataset of 2601 Acheulean handaxes shows less variation
than predicted given our empirically measured copying error variance, suggesting that other processes counteracted the
variation in handaxe size generated by perceptual cultural mutation.
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Introduction

The idea that human culture – defined here as socially
transmitted information such as beliefs, knowledge, skills, artifact
designs, and customs – constitutes an evolutionary process was
hinted at by Darwin himself in The Descent of Man, where he
suggested that languages evolve over time in a manner analogous
to the diversification and extinction of biological species [1]. This
notion of cultural evolution was explored further throughout the
twentieth century by archaeologists [2–3], anthropologists [4–5]
and psychologists [6–7], but it was not until the work of Cavalli-
Sforza & Feldman and Boyd & Richerson in the 1980s [8–9] that
the implications of the parallels between biological and cultural
change were more rigorously explored using the same quantitative
mathematical modeling techniques that population geneticists use
to successfully model and understand biological evolution (see
[10], esp. chap. 3). Our focus here is on the application of these
cultural evolutionary methods and concepts to archaeology [11–
12], which can be seen as the ‘cultural equivalent’ of paleobiology
in its aims to document and explain past evolutionary change [13].
This has included the use of phylogenetic methods to reconstruct
historical relationships between artifacts [14], the use of models
originally developed in population genetics, such as serial founder

effect and neutral drift models, to explore the effects of
demography on artifact variation [15–24], and the explanation
of artifact variation in terms of cultural transmission biases such as
prestige bias or conformity [21,25].

Another important process of cultural evolution that may have
fruitful application in archaeology is cultural mutation. By analogy
to genetic mutation, this describes the process in which ideas are
involuntarily changed when they are transmitted from one person
to another. In this study we present the first explicit experimental
simulation of a model of cultural mutation in archaeology.
Specifically, we are interested in testing the accumulated copying
error (ACE) model proposed by Eerkens & Lipo [26], in which
random error in a quantitative artifact dimension (e.g. size or
thickness) is generated by the physiological limitations of the
hominin perceptual system. Eerkens & Lipo drew on experimental
findings from psychophysics which showed that the accuracy of
human perception has physiological limits, especially our ability to
perceive differences between objects [27]. If the difference in size
between two objects is below some threshold, then this size
difference will tend to be imperceptible to the naked human eye,
and this will become more and more likely as the size difference
between the objects grows smaller. Such error thresholds are
always relative to the size of the object, rather than absolute. For

PLOS ONE | www.plosone.org 1 November 2012 | Volume 7 | Issue 11 | e48333



(1) Participants resized a 
handaxe image to match a 

target handaxe

Ethics statement
The study was approved by the Queen Mary Research Ethics

Committee. All participants viewed an informed consent screen
and agreed to it by tapping an electronic button; this procedure
was approved by the Research Ethics Committee. All data was
analyzed anonymously, and gender and age information was
deleted after calculating summary statistics across the whole
sample.

Results

Our full results dataset is available in the supplemental materials
(Data S1). Our first aim was to estimate s2 . Figure 3 shows normal
probability plots (in which a straight diagonal line at y = x indicates
perfect fit to a normal distribution) for the distribution of
empirically measured copying errors in each condition. For each
transmission event, copying error is measured by the final size of
the right hand image divided by the size of the left hand image. As
can be seen, they appear normal; in order to formally test this
hypothesis, we used the Anderson-Darling normality test, which
did not reject normality for either distribution (larger condition:
A = 0.53; p = 0.17; smaller condition: A = 0.44; p = 0.29). Having
established their normality, we can estimate s by measuring the
sample standard deviation (we report the sample standard
deviation here rather than the sample variance to avoid reporting
very small numbers, and also because standard deviations are
easier to interpret, being measured in physical units rather than
units squared), which was 0.0269 for the larger condition and
0.0399 for the smaller condition, with an overall mean of 0.0343.

Our second aim was to test the two predictions of the model.
Figure 4 shows the empirically measured sizes, means, and
variances of the chains over time, and their fit to the predicted
values calculated according to the equations derived above. As

Var(Sg) depends on s2 , the empirically measured values of s for
each condition were substituted into the expression in order to
calculate the predicted variances plotted in Figure 4B. As can be
seen, the measured means do not seem to fit the predicted mean
well, but the measured variances do seem to fit the predicted
variances. In order to formally test these hypotheses, we simulated
the process described by the theoretical model, substituting in the
empirically measured variances for each condition’s distribution of
copying errors, and matching the conditions of our experiment

(i.e. 10 chains of 10 generations each in each condition). This was
done with R [46] using code given in the supplemental materials
(Code S1). We derived empirical p-values by measuring the
proportion of times that a value equal to or more extreme, in the
appropriate direction, than the measured final mean and variance
in each condition occurred over 10,000 simulations. For the larger
condition, the proportion of simulations where the final mean was
equal to or more extreme than the empirically measured final
mean was 0.01, and the proportion where the final variance was
equal to or more extreme than the measured final variance was
0.44; for the smaller condition, 0.22 and 0.42. Thus, our visual
intuitions are partly vindicated: the final mean in the larger
condition does deviate from the predicted mean more than
expected by chance at the 5% significance level, but the final mean
in the smaller condition does not, while the final variances in both

Figure 1. Simulations of the ACE model. (A) 10 chains evolving over 400 generations (black lines) and theoretically predicted mean (thick black
line) and variance (thick dashed line). (B) 200 chains evolving over 1000 generations, with individual chains represented by semi-transparent grey
lines so that multiple overlapping lines produce darker colors. The thick black line shows the mean of all chains. In both panels, S0~10 and s~0:03 .
doi:10.1371/journal.pone.0048333.g001

Figure 2. The main screen of the iPad-based experiment. The
handaxe image on the left was created by the previous participant, and
the current participant is asked to resize the handaxe image on the
right so as to match the size of the previous participant’s as closely as
possible. Participants pressed the tick mark to complete the experi-
ment.
doi:10.1371/journal.pone.0048333.g002
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Abstract

Archaeologists interested in explaining changes in artifact morphology over long time periods have found it useful to create
models in which the only source of change is random and unintentional copying error, or ‘cultural mutation’. These models
can be used as null hypotheses against which to detect non-random processes such as cultural selection or biased
transmission. One proposed cultural mutation model is the accumulated copying error model, where individuals attempt to
copy the size of another individual’s artifact exactly but make small random errors due to physiological limits on the
accuracy of their perception. Here, we first derive the model within an explicit mathematical framework, generating the
predictions that multiple independently-evolving artifact chains should diverge over time such that their between-chain
variance increases while the mean artifact size remains constant. We then present the first experimental test of this model in
which 200 participants, split into 20 transmission chains, were asked to faithfully copy the size of the previous participant’s
handaxe image on an iPad. The experimental findings supported the model’s prediction that between-chain variance
should increase over time and did so in a manner quantitatively in line with the model. However, when the initial size of the
image that the participants resized was larger than the size of the image they were copying, subjects tended to increase the
size of the image, resulting in the mean size increasing rather than staying constant. This suggests that items of material
culture formed by reductive vs. additive processes may mutate differently when individuals attempt to replicate faithfully
the size of previously-produced artifacts. Finally, we show that a dataset of 2601 Acheulean handaxes shows less variation
than predicted given our empirically measured copying error variance, suggesting that other processes counteracted the
variation in handaxe size generated by perceptual cultural mutation.
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Introduction

The idea that human culture – defined here as socially
transmitted information such as beliefs, knowledge, skills, artifact
designs, and customs – constitutes an evolutionary process was
hinted at by Darwin himself in The Descent of Man, where he
suggested that languages evolve over time in a manner analogous
to the diversification and extinction of biological species [1]. This
notion of cultural evolution was explored further throughout the
twentieth century by archaeologists [2–3], anthropologists [4–5]
and psychologists [6–7], but it was not until the work of Cavalli-
Sforza & Feldman and Boyd & Richerson in the 1980s [8–9] that
the implications of the parallels between biological and cultural
change were more rigorously explored using the same quantitative
mathematical modeling techniques that population geneticists use
to successfully model and understand biological evolution (see
[10], esp. chap. 3). Our focus here is on the application of these
cultural evolutionary methods and concepts to archaeology [11–
12], which can be seen as the ‘cultural equivalent’ of paleobiology
in its aims to document and explain past evolutionary change [13].
This has included the use of phylogenetic methods to reconstruct
historical relationships between artifacts [14], the use of models
originally developed in population genetics, such as serial founder

effect and neutral drift models, to explore the effects of
demography on artifact variation [15–24], and the explanation
of artifact variation in terms of cultural transmission biases such as
prestige bias or conformity [21,25].

Another important process of cultural evolution that may have
fruitful application in archaeology is cultural mutation. By analogy
to genetic mutation, this describes the process in which ideas are
involuntarily changed when they are transmitted from one person
to another. In this study we present the first explicit experimental
simulation of a model of cultural mutation in archaeology.
Specifically, we are interested in testing the accumulated copying
error (ACE) model proposed by Eerkens & Lipo [26], in which
random error in a quantitative artifact dimension (e.g. size or
thickness) is generated by the physiological limitations of the
hominin perceptual system. Eerkens & Lipo drew on experimental
findings from psychophysics which showed that the accuracy of
human perception has physiological limits, especially our ability to
perceive differences between objects [27]. If the difference in size
between two objects is below some threshold, then this size
difference will tend to be imperceptible to the naked human eye,
and this will become more and more likely as the size difference
between the objects grows smaller. Such error thresholds are
always relative to the size of the object, rather than absolute. For
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Our full results dataset is available in the supplemental materials
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probability plots (in which a straight diagonal line at y = x indicates
perfect fit to a normal distribution) for the distribution of
empirically measured copying errors in each condition. For each
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the right hand image divided by the size of the left hand image. As
can be seen, they appear normal; in order to formally test this
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did not reject normality for either distribution (larger condition:
A = 0.53; p = 0.17; smaller condition: A = 0.44; p = 0.29). Having
established their normality, we can estimate s by measuring the
sample standard deviation (we report the sample standard
deviation here rather than the sample variance to avoid reporting
very small numbers, and also because standard deviations are
easier to interpret, being measured in physical units rather than
units squared), which was 0.0269 for the larger condition and
0.0399 for the smaller condition, with an overall mean of 0.0343.

Our second aim was to test the two predictions of the model.
Figure 4 shows the empirically measured sizes, means, and
variances of the chains over time, and their fit to the predicted
values calculated according to the equations derived above. As

Var(Sg) depends on s2 , the empirically measured values of s for
each condition were substituted into the expression in order to
calculate the predicted variances plotted in Figure 4B. As can be
seen, the measured means do not seem to fit the predicted mean
well, but the measured variances do seem to fit the predicted
variances. In order to formally test these hypotheses, we simulated
the process described by the theoretical model, substituting in the
empirically measured variances for each condition’s distribution of
copying errors, and matching the conditions of our experiment

(i.e. 10 chains of 10 generations each in each condition). This was
done with R [46] using code given in the supplemental materials
(Code S1). We derived empirical p-values by measuring the
proportion of times that a value equal to or more extreme, in the
appropriate direction, than the measured final mean and variance
in each condition occurred over 10,000 simulations. For the larger
condition, the proportion of simulations where the final mean was
equal to or more extreme than the empirically measured final
mean was 0.01, and the proportion where the final variance was
equal to or more extreme than the measured final variance was
0.44; for the smaller condition, 0.22 and 0.42. Thus, our visual
intuitions are partly vindicated: the final mean in the larger
condition does deviate from the predicted mean more than
expected by chance at the 5% significance level, but the final mean
in the smaller condition does not, while the final variances in both

Figure 1. Simulations of the ACE model. (A) 10 chains evolving over 400 generations (black lines) and theoretically predicted mean (thick black
line) and variance (thick dashed line). (B) 200 chains evolving over 1000 generations, with individual chains represented by semi-transparent grey
lines so that multiple overlapping lines produce darker colors. The thick black line shows the mean of all chains. In both panels, S0~10 and s~0:03 .
doi:10.1371/journal.pone.0048333.g001

Figure 2. The main screen of the iPad-based experiment. The
handaxe image on the left was created by the previous participant, and
the current participant is asked to resize the handaxe image on the
right so as to match the size of the previous participant’s as closely as
possible. Participants pressed the tick mark to complete the experi-
ment.
doi:10.1371/journal.pone.0048333.g002
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Abstract

Archaeologists interested in explaining changes in artifact morphology over long time periods have found it useful to create
models in which the only source of change is random and unintentional copying error, or ‘cultural mutation’. These models
can be used as null hypotheses against which to detect non-random processes such as cultural selection or biased
transmission. One proposed cultural mutation model is the accumulated copying error model, where individuals attempt to
copy the size of another individual’s artifact exactly but make small random errors due to physiological limits on the
accuracy of their perception. Here, we first derive the model within an explicit mathematical framework, generating the
predictions that multiple independently-evolving artifact chains should diverge over time such that their between-chain
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should increase over time and did so in a manner quantitatively in line with the model. However, when the initial size of the
image that the participants resized was larger than the size of the image they were copying, subjects tended to increase the
size of the image, resulting in the mean size increasing rather than staying constant. This suggests that items of material
culture formed by reductive vs. additive processes may mutate differently when individuals attempt to replicate faithfully
the size of previously-produced artifacts. Finally, we show that a dataset of 2601 Acheulean handaxes shows less variation
than predicted given our empirically measured copying error variance, suggesting that other processes counteracted the
variation in handaxe size generated by perceptual cultural mutation.
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Introduction

The idea that human culture – defined here as socially
transmitted information such as beliefs, knowledge, skills, artifact
designs, and customs – constitutes an evolutionary process was
hinted at by Darwin himself in The Descent of Man, where he
suggested that languages evolve over time in a manner analogous
to the diversification and extinction of biological species [1]. This
notion of cultural evolution was explored further throughout the
twentieth century by archaeologists [2–3], anthropologists [4–5]
and psychologists [6–7], but it was not until the work of Cavalli-
Sforza & Feldman and Boyd & Richerson in the 1980s [8–9] that
the implications of the parallels between biological and cultural
change were more rigorously explored using the same quantitative
mathematical modeling techniques that population geneticists use
to successfully model and understand biological evolution (see
[10], esp. chap. 3). Our focus here is on the application of these
cultural evolutionary methods and concepts to archaeology [11–
12], which can be seen as the ‘cultural equivalent’ of paleobiology
in its aims to document and explain past evolutionary change [13].
This has included the use of phylogenetic methods to reconstruct
historical relationships between artifacts [14], the use of models
originally developed in population genetics, such as serial founder

effect and neutral drift models, to explore the effects of
demography on artifact variation [15–24], and the explanation
of artifact variation in terms of cultural transmission biases such as
prestige bias or conformity [21,25].

Another important process of cultural evolution that may have
fruitful application in archaeology is cultural mutation. By analogy
to genetic mutation, this describes the process in which ideas are
involuntarily changed when they are transmitted from one person
to another. In this study we present the first explicit experimental
simulation of a model of cultural mutation in archaeology.
Specifically, we are interested in testing the accumulated copying
error (ACE) model proposed by Eerkens & Lipo [26], in which
random error in a quantitative artifact dimension (e.g. size or
thickness) is generated by the physiological limitations of the
hominin perceptual system. Eerkens & Lipo drew on experimental
findings from psychophysics which showed that the accuracy of
human perception has physiological limits, especially our ability to
perceive differences between objects [27]. If the difference in size
between two objects is below some threshold, then this size
difference will tend to be imperceptible to the naked human eye,
and this will become more and more likely as the size difference
between the objects grows smaller. Such error thresholds are
always relative to the size of the object, rather than absolute. For
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hinted at by Darwin himself in The Descent of Man, where he
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to successfully model and understand biological evolution (see
[10], esp. chap. 3). Our focus here is on the application of these
cultural evolutionary methods and concepts to archaeology [11–
12], which can be seen as the ‘cultural equivalent’ of paleobiology
in its aims to document and explain past evolutionary change [13].
This has included the use of phylogenetic methods to reconstruct
historical relationships between artifacts [14], the use of models
originally developed in population genetics, such as serial founder

effect and neutral drift models, to explore the effects of
demography on artifact variation [15–24], and the explanation
of artifact variation in terms of cultural transmission biases such as
prestige bias or conformity [21,25].

Another important process of cultural evolution that may have
fruitful application in archaeology is cultural mutation. By analogy
to genetic mutation, this describes the process in which ideas are
involuntarily changed when they are transmitted from one person
to another. In this study we present the first explicit experimental
simulation of a model of cultural mutation in archaeology.
Specifically, we are interested in testing the accumulated copying
error (ACE) model proposed by Eerkens & Lipo [26], in which
random error in a quantitative artifact dimension (e.g. size or
thickness) is generated by the physiological limitations of the
hominin perceptual system. Eerkens & Lipo drew on experimental
findings from psychophysics which showed that the accuracy of
human perception has physiological limits, especially our ability to
perceive differences between objects [27]. If the difference in size
between two objects is below some threshold, then this size
difference will tend to be imperceptible to the naked human eye,
and this will become more and more likely as the size difference
between the objects grows smaller. Such error thresholds are
always relative to the size of the object, rather than absolute. For
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Ethics statement
The study was approved by the Queen Mary Research Ethics

Committee. All participants viewed an informed consent screen
and agreed to it by tapping an electronic button; this procedure
was approved by the Research Ethics Committee. All data was
analyzed anonymously, and gender and age information was
deleted after calculating summary statistics across the whole
sample.

Results

Our full results dataset is available in the supplemental materials
(Data S1). Our first aim was to estimate s2 . Figure 3 shows normal
probability plots (in which a straight diagonal line at y = x indicates
perfect fit to a normal distribution) for the distribution of
empirically measured copying errors in each condition. For each
transmission event, copying error is measured by the final size of
the right hand image divided by the size of the left hand image. As
can be seen, they appear normal; in order to formally test this
hypothesis, we used the Anderson-Darling normality test, which
did not reject normality for either distribution (larger condition:
A = 0.53; p = 0.17; smaller condition: A = 0.44; p = 0.29). Having
established their normality, we can estimate s by measuring the
sample standard deviation (we report the sample standard
deviation here rather than the sample variance to avoid reporting
very small numbers, and also because standard deviations are
easier to interpret, being measured in physical units rather than
units squared), which was 0.0269 for the larger condition and
0.0399 for the smaller condition, with an overall mean of 0.0343.

Our second aim was to test the two predictions of the model.
Figure 4 shows the empirically measured sizes, means, and
variances of the chains over time, and their fit to the predicted
values calculated according to the equations derived above. As

Var(Sg) depends on s2 , the empirically measured values of s for
each condition were substituted into the expression in order to
calculate the predicted variances plotted in Figure 4B. As can be
seen, the measured means do not seem to fit the predicted mean
well, but the measured variances do seem to fit the predicted
variances. In order to formally test these hypotheses, we simulated
the process described by the theoretical model, substituting in the
empirically measured variances for each condition’s distribution of
copying errors, and matching the conditions of our experiment

(i.e. 10 chains of 10 generations each in each condition). This was
done with R [46] using code given in the supplemental materials
(Code S1). We derived empirical p-values by measuring the
proportion of times that a value equal to or more extreme, in the
appropriate direction, than the measured final mean and variance
in each condition occurred over 10,000 simulations. For the larger
condition, the proportion of simulations where the final mean was
equal to or more extreme than the empirically measured final
mean was 0.01, and the proportion where the final variance was
equal to or more extreme than the measured final variance was
0.44; for the smaller condition, 0.22 and 0.42. Thus, our visual
intuitions are partly vindicated: the final mean in the larger
condition does deviate from the predicted mean more than
expected by chance at the 5% significance level, but the final mean
in the smaller condition does not, while the final variances in both

Figure 1. Simulations of the ACE model. (A) 10 chains evolving over 400 generations (black lines) and theoretically predicted mean (thick black
line) and variance (thick dashed line). (B) 200 chains evolving over 1000 generations, with individual chains represented by semi-transparent grey
lines so that multiple overlapping lines produce darker colors. The thick black line shows the mean of all chains. In both panels, S0~10 and s~0:03 .
doi:10.1371/journal.pone.0048333.g001

Figure 2. The main screen of the iPad-based experiment. The
handaxe image on the left was created by the previous participant, and
the current participant is asked to resize the handaxe image on the
right so as to match the size of the previous participant’s as closely as
possible. Participants pressed the tick mark to complete the experi-
ment.
doi:10.1371/journal.pone.0048333.g002

Acheulean Handaxe Size and Cultural Mutation

PLOS ONE | www.plosone.org 4 November 2012 | Volume 7 | Issue 11 | e48333

Ethics statement
The study was approved by the Queen Mary Research Ethics

Committee. All participants viewed an informed consent screen
and agreed to it by tapping an electronic button; this procedure
was approved by the Research Ethics Committee. All data was
analyzed anonymously, and gender and age information was
deleted after calculating summary statistics across the whole
sample.

Results

Our full results dataset is available in the supplemental materials
(Data S1). Our first aim was to estimate s2 . Figure 3 shows normal
probability plots (in which a straight diagonal line at y = x indicates
perfect fit to a normal distribution) for the distribution of
empirically measured copying errors in each condition. For each
transmission event, copying error is measured by the final size of
the right hand image divided by the size of the left hand image. As
can be seen, they appear normal; in order to formally test this
hypothesis, we used the Anderson-Darling normality test, which
did not reject normality for either distribution (larger condition:
A = 0.53; p = 0.17; smaller condition: A = 0.44; p = 0.29). Having
established their normality, we can estimate s by measuring the
sample standard deviation (we report the sample standard
deviation here rather than the sample variance to avoid reporting
very small numbers, and also because standard deviations are
easier to interpret, being measured in physical units rather than
units squared), which was 0.0269 for the larger condition and
0.0399 for the smaller condition, with an overall mean of 0.0343.

Our second aim was to test the two predictions of the model.
Figure 4 shows the empirically measured sizes, means, and
variances of the chains over time, and their fit to the predicted
values calculated according to the equations derived above. As

Var(Sg) depends on s2 , the empirically measured values of s for
each condition were substituted into the expression in order to
calculate the predicted variances plotted in Figure 4B. As can be
seen, the measured means do not seem to fit the predicted mean
well, but the measured variances do seem to fit the predicted
variances. In order to formally test these hypotheses, we simulated
the process described by the theoretical model, substituting in the
empirically measured variances for each condition’s distribution of
copying errors, and matching the conditions of our experiment

(i.e. 10 chains of 10 generations each in each condition). This was
done with R [46] using code given in the supplemental materials
(Code S1). We derived empirical p-values by measuring the
proportion of times that a value equal to or more extreme, in the
appropriate direction, than the measured final mean and variance
in each condition occurred over 10,000 simulations. For the larger
condition, the proportion of simulations where the final mean was
equal to or more extreme than the empirically measured final
mean was 0.01, and the proportion where the final variance was
equal to or more extreme than the measured final variance was
0.44; for the smaller condition, 0.22 and 0.42. Thus, our visual
intuitions are partly vindicated: the final mean in the larger
condition does deviate from the predicted mean more than
expected by chance at the 5% significance level, but the final mean
in the smaller condition does not, while the final variances in both

Figure 1. Simulations of the ACE model. (A) 10 chains evolving over 400 generations (black lines) and theoretically predicted mean (thick black
line) and variance (thick dashed line). (B) 200 chains evolving over 1000 generations, with individual chains represented by semi-transparent grey
lines so that multiple overlapping lines produce darker colors. The thick black line shows the mean of all chains. In both panels, S0~10 and s~0:03 .
doi:10.1371/journal.pone.0048333.g001

Figure 2. The main screen of the iPad-based experiment. The
handaxe image on the left was created by the previous participant, and
the current participant is asked to resize the handaxe image on the
right so as to match the size of the previous participant’s as closely as
possible. Participants pressed the tick mark to complete the experi-
ment.
doi:10.1371/journal.pone.0048333.g002

Acheulean Handaxe Size and Cultural Mutation

PLOS ONE | www.plosone.org 4 November 2012 | Volume 7 | Issue 11 | e48333

Ethics statement
The study was approved by the Queen Mary Research Ethics

Committee. All participants viewed an informed consent screen
and agreed to it by tapping an electronic button; this procedure
was approved by the Research Ethics Committee. All data was
analyzed anonymously, and gender and age information was
deleted after calculating summary statistics across the whole
sample.

Results

Our full results dataset is available in the supplemental materials
(Data S1). Our first aim was to estimate s2 . Figure 3 shows normal
probability plots (in which a straight diagonal line at y = x indicates
perfect fit to a normal distribution) for the distribution of
empirically measured copying errors in each condition. For each
transmission event, copying error is measured by the final size of
the right hand image divided by the size of the left hand image. As
can be seen, they appear normal; in order to formally test this
hypothesis, we used the Anderson-Darling normality test, which
did not reject normality for either distribution (larger condition:
A = 0.53; p = 0.17; smaller condition: A = 0.44; p = 0.29). Having
established their normality, we can estimate s by measuring the
sample standard deviation (we report the sample standard
deviation here rather than the sample variance to avoid reporting
very small numbers, and also because standard deviations are
easier to interpret, being measured in physical units rather than
units squared), which was 0.0269 for the larger condition and
0.0399 for the smaller condition, with an overall mean of 0.0343.

Our second aim was to test the two predictions of the model.
Figure 4 shows the empirically measured sizes, means, and
variances of the chains over time, and their fit to the predicted
values calculated according to the equations derived above. As

Var(Sg) depends on s2 , the empirically measured values of s for
each condition were substituted into the expression in order to
calculate the predicted variances plotted in Figure 4B. As can be
seen, the measured means do not seem to fit the predicted mean
well, but the measured variances do seem to fit the predicted
variances. In order to formally test these hypotheses, we simulated
the process described by the theoretical model, substituting in the
empirically measured variances for each condition’s distribution of
copying errors, and matching the conditions of our experiment

(i.e. 10 chains of 10 generations each in each condition). This was
done with R [46] using code given in the supplemental materials
(Code S1). We derived empirical p-values by measuring the
proportion of times that a value equal to or more extreme, in the
appropriate direction, than the measured final mean and variance
in each condition occurred over 10,000 simulations. For the larger
condition, the proportion of simulations where the final mean was
equal to or more extreme than the empirically measured final
mean was 0.01, and the proportion where the final variance was
equal to or more extreme than the measured final variance was
0.44; for the smaller condition, 0.22 and 0.42. Thus, our visual
intuitions are partly vindicated: the final mean in the larger
condition does deviate from the predicted mean more than
expected by chance at the 5% significance level, but the final mean
in the smaller condition does not, while the final variances in both

Figure 1. Simulations of the ACE model. (A) 10 chains evolving over 400 generations (black lines) and theoretically predicted mean (thick black
line) and variance (thick dashed line). (B) 200 chains evolving over 1000 generations, with individual chains represented by semi-transparent grey
lines so that multiple overlapping lines produce darker colors. The thick black line shows the mean of all chains. In both panels, S0~10 and s~0:03 .
doi:10.1371/journal.pone.0048333.g001

Figure 2. The main screen of the iPad-based experiment. The
handaxe image on the left was created by the previous participant, and
the current participant is asked to resize the handaxe image on the
right so as to match the size of the previous participant’s as closely as
possible. Participants pressed the tick mark to complete the experi-
ment.
doi:10.1371/journal.pone.0048333.g002

Acheulean Handaxe Size and Cultural Mutation

PLOS ONE | www.plosone.org 4 November 2012 | Volume 7 | Issue 11 | e48333

Half of the chains 
were shown very large 

initial handaxes…
Ethics statement

The study was approved by the Queen Mary Research Ethics
Committee. All participants viewed an informed consent screen
and agreed to it by tapping an electronic button; this procedure
was approved by the Research Ethics Committee. All data was
analyzed anonymously, and gender and age information was
deleted after calculating summary statistics across the whole
sample.

Results

Our full results dataset is available in the supplemental materials
(Data S1). Our first aim was to estimate s2 . Figure 3 shows normal
probability plots (in which a straight diagonal line at y = x indicates
perfect fit to a normal distribution) for the distribution of
empirically measured copying errors in each condition. For each
transmission event, copying error is measured by the final size of
the right hand image divided by the size of the left hand image. As
can be seen, they appear normal; in order to formally test this
hypothesis, we used the Anderson-Darling normality test, which
did not reject normality for either distribution (larger condition:
A = 0.53; p = 0.17; smaller condition: A = 0.44; p = 0.29). Having
established their normality, we can estimate s by measuring the
sample standard deviation (we report the sample standard
deviation here rather than the sample variance to avoid reporting
very small numbers, and also because standard deviations are
easier to interpret, being measured in physical units rather than
units squared), which was 0.0269 for the larger condition and
0.0399 for the smaller condition, with an overall mean of 0.0343.

Our second aim was to test the two predictions of the model.
Figure 4 shows the empirically measured sizes, means, and
variances of the chains over time, and their fit to the predicted
values calculated according to the equations derived above. As

Var(Sg) depends on s2 , the empirically measured values of s for
each condition were substituted into the expression in order to
calculate the predicted variances plotted in Figure 4B. As can be
seen, the measured means do not seem to fit the predicted mean
well, but the measured variances do seem to fit the predicted
variances. In order to formally test these hypotheses, we simulated
the process described by the theoretical model, substituting in the
empirically measured variances for each condition’s distribution of
copying errors, and matching the conditions of our experiment

(i.e. 10 chains of 10 generations each in each condition). This was
done with R [46] using code given in the supplemental materials
(Code S1). We derived empirical p-values by measuring the
proportion of times that a value equal to or more extreme, in the
appropriate direction, than the measured final mean and variance
in each condition occurred over 10,000 simulations. For the larger
condition, the proportion of simulations where the final mean was
equal to or more extreme than the empirically measured final
mean was 0.01, and the proportion where the final variance was
equal to or more extreme than the measured final variance was
0.44; for the smaller condition, 0.22 and 0.42. Thus, our visual
intuitions are partly vindicated: the final mean in the larger
condition does deviate from the predicted mean more than
expected by chance at the 5% significance level, but the final mean
in the smaller condition does not, while the final variances in both

Figure 1. Simulations of the ACE model. (A) 10 chains evolving over 400 generations (black lines) and theoretically predicted mean (thick black
line) and variance (thick dashed line). (B) 200 chains evolving over 1000 generations, with individual chains represented by semi-transparent grey
lines so that multiple overlapping lines produce darker colors. The thick black line shows the mean of all chains. In both panels, S0~10 and s~0:03 .
doi:10.1371/journal.pone.0048333.g001

Figure 2. The main screen of the iPad-based experiment. The
handaxe image on the left was created by the previous participant, and
the current participant is asked to resize the handaxe image on the
right so as to match the size of the previous participant’s as closely as
possible. Participants pressed the tick mark to complete the experi-
ment.
doi:10.1371/journal.pone.0048333.g002

Acheulean Handaxe Size and Cultural Mutation

PLOS ONE | www.plosone.org 4 November 2012 | Volume 7 | Issue 11 | e48333

Ethics statement
The study was approved by the Queen Mary Research Ethics

Committee. All participants viewed an informed consent screen
and agreed to it by tapping an electronic button; this procedure
was approved by the Research Ethics Committee. All data was
analyzed anonymously, and gender and age information was
deleted after calculating summary statistics across the whole
sample.

Results

Our full results dataset is available in the supplemental materials
(Data S1). Our first aim was to estimate s2 . Figure 3 shows normal
probability plots (in which a straight diagonal line at y = x indicates
perfect fit to a normal distribution) for the distribution of
empirically measured copying errors in each condition. For each
transmission event, copying error is measured by the final size of
the right hand image divided by the size of the left hand image. As
can be seen, they appear normal; in order to formally test this
hypothesis, we used the Anderson-Darling normality test, which
did not reject normality for either distribution (larger condition:
A = 0.53; p = 0.17; smaller condition: A = 0.44; p = 0.29). Having
established their normality, we can estimate s by measuring the
sample standard deviation (we report the sample standard
deviation here rather than the sample variance to avoid reporting
very small numbers, and also because standard deviations are
easier to interpret, being measured in physical units rather than
units squared), which was 0.0269 for the larger condition and
0.0399 for the smaller condition, with an overall mean of 0.0343.

Our second aim was to test the two predictions of the model.
Figure 4 shows the empirically measured sizes, means, and
variances of the chains over time, and their fit to the predicted
values calculated according to the equations derived above. As

Var(Sg) depends on s2 , the empirically measured values of s for
each condition were substituted into the expression in order to
calculate the predicted variances plotted in Figure 4B. As can be
seen, the measured means do not seem to fit the predicted mean
well, but the measured variances do seem to fit the predicted
variances. In order to formally test these hypotheses, we simulated
the process described by the theoretical model, substituting in the
empirically measured variances for each condition’s distribution of
copying errors, and matching the conditions of our experiment

(i.e. 10 chains of 10 generations each in each condition). This was
done with R [46] using code given in the supplemental materials
(Code S1). We derived empirical p-values by measuring the
proportion of times that a value equal to or more extreme, in the
appropriate direction, than the measured final mean and variance
in each condition occurred over 10,000 simulations. For the larger
condition, the proportion of simulations where the final mean was
equal to or more extreme than the empirically measured final
mean was 0.01, and the proportion where the final variance was
equal to or more extreme than the measured final variance was
0.44; for the smaller condition, 0.22 and 0.42. Thus, our visual
intuitions are partly vindicated: the final mean in the larger
condition does deviate from the predicted mean more than
expected by chance at the 5% significance level, but the final mean
in the smaller condition does not, while the final variances in both

Figure 1. Simulations of the ACE model. (A) 10 chains evolving over 400 generations (black lines) and theoretically predicted mean (thick black
line) and variance (thick dashed line). (B) 200 chains evolving over 1000 generations, with individual chains represented by semi-transparent grey
lines so that multiple overlapping lines produce darker colors. The thick black line shows the mean of all chains. In both panels, S0~10 and s~0:03 .
doi:10.1371/journal.pone.0048333.g001

Figure 2. The main screen of the iPad-based experiment. The
handaxe image on the left was created by the previous participant, and
the current participant is asked to resize the handaxe image on the
right so as to match the size of the previous participant’s as closely as
possible. Participants pressed the tick mark to complete the experi-
ment.
doi:10.1371/journal.pone.0048333.g002

Acheulean Handaxe Size and Cultural Mutation

PLOS ONE | www.plosone.org 4 November 2012 | Volume 7 | Issue 11 | e48333

Ethics statement
The study was approved by the Queen Mary Research Ethics

Committee. All participants viewed an informed consent screen
and agreed to it by tapping an electronic button; this procedure
was approved by the Research Ethics Committee. All data was
analyzed anonymously, and gender and age information was
deleted after calculating summary statistics across the whole
sample.

Results

Our full results dataset is available in the supplemental materials
(Data S1). Our first aim was to estimate s2 . Figure 3 shows normal
probability plots (in which a straight diagonal line at y = x indicates
perfect fit to a normal distribution) for the distribution of
empirically measured copying errors in each condition. For each
transmission event, copying error is measured by the final size of
the right hand image divided by the size of the left hand image. As
can be seen, they appear normal; in order to formally test this
hypothesis, we used the Anderson-Darling normality test, which
did not reject normality for either distribution (larger condition:
A = 0.53; p = 0.17; smaller condition: A = 0.44; p = 0.29). Having
established their normality, we can estimate s by measuring the
sample standard deviation (we report the sample standard
deviation here rather than the sample variance to avoid reporting
very small numbers, and also because standard deviations are
easier to interpret, being measured in physical units rather than
units squared), which was 0.0269 for the larger condition and
0.0399 for the smaller condition, with an overall mean of 0.0343.

Our second aim was to test the two predictions of the model.
Figure 4 shows the empirically measured sizes, means, and
variances of the chains over time, and their fit to the predicted
values calculated according to the equations derived above. As

Var(Sg) depends on s2 , the empirically measured values of s for
each condition were substituted into the expression in order to
calculate the predicted variances plotted in Figure 4B. As can be
seen, the measured means do not seem to fit the predicted mean
well, but the measured variances do seem to fit the predicted
variances. In order to formally test these hypotheses, we simulated
the process described by the theoretical model, substituting in the
empirically measured variances for each condition’s distribution of
copying errors, and matching the conditions of our experiment

(i.e. 10 chains of 10 generations each in each condition). This was
done with R [46] using code given in the supplemental materials
(Code S1). We derived empirical p-values by measuring the
proportion of times that a value equal to or more extreme, in the
appropriate direction, than the measured final mean and variance
in each condition occurred over 10,000 simulations. For the larger
condition, the proportion of simulations where the final mean was
equal to or more extreme than the empirically measured final
mean was 0.01, and the proportion where the final variance was
equal to or more extreme than the measured final variance was
0.44; for the smaller condition, 0.22 and 0.42. Thus, our visual
intuitions are partly vindicated: the final mean in the larger
condition does deviate from the predicted mean more than
expected by chance at the 5% significance level, but the final mean
in the smaller condition does not, while the final variances in both

Figure 1. Simulations of the ACE model. (A) 10 chains evolving over 400 generations (black lines) and theoretically predicted mean (thick black
line) and variance (thick dashed line). (B) 200 chains evolving over 1000 generations, with individual chains represented by semi-transparent grey
lines so that multiple overlapping lines produce darker colors. The thick black line shows the mean of all chains. In both panels, S0~10 and s~0:03 .
doi:10.1371/journal.pone.0048333.g001

Figure 2. The main screen of the iPad-based experiment. The
handaxe image on the left was created by the previous participant, and
the current participant is asked to resize the handaxe image on the
right so as to match the size of the previous participant’s as closely as
possible. Participants pressed the tick mark to complete the experi-
ment.
doi:10.1371/journal.pone.0048333.g002
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image that the participants resized was larger than the size of the image they were copying, subjects tended to increase the
size of the image, resulting in the mean size increasing rather than staying constant. This suggests that items of material
culture formed by reductive vs. additive processes may mutate differently when individuals attempt to replicate faithfully
the size of previously-produced artifacts. Finally, we show that a dataset of 2601 Acheulean handaxes shows less variation
than predicted given our empirically measured copying error variance, suggesting that other processes counteracted the
variation in handaxe size generated by perceptual cultural mutation.

Citation:Kempe M, Lycett S, Mesoudi A (2012) An Experimental Test of the Accumulated Copying Error Model of Cultural Mutation for Acheulean Handaxe
Size. PLoS ONE 7(11): e48333. doi:10.1371/journal.pone.0048333

Editor:Carles Lalueza-Fox, Institut de Biologia Evolutiva - Universitat Pompeu Fabra, Spain

Received June 22, 2012; Accepted September 24, 2012; Published November 8, 2012

Copyright:! 2012 Kempe et al. This is an open-access article distributed under the terms of the Creative Commons Attribution License, which permits
unrestricted use, distribution, and reproduction in any medium, provided the original author and source are credited.

Funding:This work was supported by a Leverhulme Trust Research Project Grant (F/07 476/AR - http://www.leverhulme.ac.uk). The funders had no role in study
design, data collection and analysis, decision to publish, or preparation of the manuscript.

Competing Interests:The authors have declared that no competing interests exist.

* E-mail: marius.kempe@worc.oxon.org

Introduction

The idea that human culture – defined here as socially
transmitted information such as beliefs, knowledge, skills, artifact
designs, and customs – constitutes an evolutionary process was
hinted at by Darwin himself in The Descent of Man, where he
suggested that languages evolve over time in a manner analogous
to the diversification and extinction of biological species [1]. This
notion of cultural evolution was explored further throughout the
twentieth century by archaeologists [2–3], anthropologists [4–5]
and psychologists [6–7], but it was not until the work of Cavalli-
Sforza & Feldman and Boyd & Richerson in the 1980s [8–9] that
the implications of the parallels between biological and cultural
change were more rigorously explored using the same quantitative
mathematical modeling techniques that population geneticists use
to successfully model and understand biological evolution (see
[10], esp. chap. 3). Our focus here is on the application of these
cultural evolutionary methods and concepts to archaeology [11–
12], which can be seen as the ‘cultural equivalent’ of paleobiology
in its aims to document and explain past evolutionary change [13].
This has included the use of phylogenetic methods to reconstruct
historical relationships between artifacts [14], the use of models
originally developed in population genetics, such as serial founder

effect and neutral drift models, to explore the effects of
demography on artifact variation [15–24], and the explanation
of artifact variation in terms of cultural transmission biases such as
prestige bias or conformity [21,25].

Another important process of cultural evolution that may have
fruitful application in archaeology is cultural mutation. By analogy
to genetic mutation, this describes the process in which ideas are
involuntarily changed when they are transmitted from one person
to another. In this study we present the first explicit experimental
simulation of a model of cultural mutation in archaeology.
Specifically, we are interested in testing the accumulated copying
error (ACE) model proposed by Eerkens & Lipo [26], in which
random error in a quantitative artifact dimension (e.g. size or
thickness) is generated by the physiological limitations of the
hominin perceptual system. Eerkens & Lipo drew on experimental
findings from psychophysics which showed that the accuracy of
human perception has physiological limits, especially our ability to
perceive differences between objects [27]. If the difference in size
between two objects is below some threshold, then this size
difference will tend to be imperceptible to the naked human eye,
and this will become more and more likely as the size difference
between the objects grows smaller. Such error thresholds are
always relative to the size of the object, rather than absolute. For
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Variation increased as 
predicted

conditions do indeed not deviate from the predicted variances
more than expected by chance at this significance level.

Discussion

The aim of this study was to provide the first explicit
experimental test of the accumulated copying error model of
cultural transmission, in which artifact variation increases due to
imperceptible differences between a copy of an artifact and the
original copied artifact. Acheulean handaxe images were trans-
mitted along 20 independent chains each containing 10 partici-
pants, allowing us to measure inter-individual variation in copying
error (s2) which has previously only been assumed from the
psychophysics literature, in which transmission error and artifact
evolution are not the focus of study. We find that the ACE model
gives good predictions of between-chain variance over time (see
Figure 4B): in both the model and the experiment, between-chain
variation increases exponentially over time as copying error causes
different chains to diverge. Moreover, the empirically determined
estimate of s of 0.0343 resembles quite closely the copying error

assumed in previous models of 3% [26] which was derived from
the psychophysics literature. This supports the use of this
assumption in a cultural transmission context.

However, the empirical between-chain mean did not follow the
predicted mean in the ‘larger’ condition, in which the initial size of
the participants’ handaxe was larger than the target handaxe. It is
also suggestive that in the ‘smaller’ condition, in which the
participants’ handaxe started smaller, the measured between-chain
means trended below the predicted mean, although the difference
between the measured final mean and simulated final means was
not significant at the 5% level. It will require more experimental
testing to establish whether these biasing effects of the initial size of
the object to be resized on its final size are not an artifact of using
an iPad. If they are valid effects, they will have interesting
implications for predicting ACE in archaeological data, as we
would be led to expect that the size of artifacts created by ‘additive’
production methods (e.g. the weaving of baskets) as opposed to
‘reductive’ production processes (e.g. the manufacture of flaked
stone tools) would evolve differently, with the size of additively-

Figure 3. Normal probability plots of empirically measured copying errors. Data from the condition with the larger initial size of handaxe
image is red and from the smaller condition in blue.
doi:10.1371/journal.pone.0048333.g003

Figure 4. Results of the experiment compared to theoretical predictions. (A) Empirically measured sizes in each chain (thin dotted lines) and
means across all chains in each condition (heavy solid lines) in both conditions. Data from the larger condition is plotted in red and data from the
smaller in blue. The dashed black line shows the theoretically predicted mean. (B) Empirically measured variances across all chains in each condition
(solid lines) and theoretically predicted variances (dashed lines) derived by using the empirically measured variance of the copying error distribution
in each condition. Data and predictions from the larger condition are plotted in red and from the smaller condition in blue.
doi:10.1371/journal.pone.0048333.g004
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should increase over time and did so in a manner quantitatively in line with the model. However, when the initial size of the
image that the participants resized was larger than the size of the image they were copying, subjects tended to increase the
size of the image, resulting in the mean size increasing rather than staying constant. This suggests that items of material
culture formed by reductive vs. additive processes may mutate differently when individuals attempt to replicate faithfully
the size of previously-produced artifacts. Finally, we show that a dataset of 2601 Acheulean handaxes shows less variation
than predicted given our empirically measured copying error variance, suggesting that other processes counteracted the
variation in handaxe size generated by perceptual cultural mutation.

Citation:Kempe M, Lycett S, Mesoudi A (2012) An Experimental Test of the Accumulated Copying Error Model of Cultural Mutation for Acheulean Handaxe
Size. PLoS ONE 7(11): e48333. doi:10.1371/journal.pone.0048333

Editor:Carles Lalueza-Fox, Institut de Biologia Evolutiva - Universitat Pompeu Fabra, Spain

Received June 22, 2012; Accepted September 24, 2012; Published November 8, 2012

Copyright:! 2012 Kempe et al. This is an open-access article distributed under the terms of the Creative Commons Attribution License, which permits
unrestricted use, distribution, and reproduction in any medium, provided the original author and source are credited.

Funding:This work was supported by a Leverhulme Trust Research Project Grant (F/07 476/AR - http://www.leverhulme.ac.uk). The funders had no role in study
design, data collection and analysis, decision to publish, or preparation of the manuscript.

Competing Interests:The authors have declared that no competing interests exist.

* E-mail: marius.kempe@worc.oxon.org

Introduction

The idea that human culture – defined here as socially
transmitted information such as beliefs, knowledge, skills, artifact
designs, and customs – constitutes an evolutionary process was
hinted at by Darwin himself in The Descent of Man, where he
suggested that languages evolve over time in a manner analogous
to the diversification and extinction of biological species [1]. This
notion of cultural evolution was explored further throughout the
twentieth century by archaeologists [2–3], anthropologists [4–5]
and psychologists [6–7], but it was not until the work of Cavalli-
Sforza & Feldman and Boyd & Richerson in the 1980s [8–9] that
the implications of the parallels between biological and cultural
change were more rigorously explored using the same quantitative
mathematical modeling techniques that population geneticists use
to successfully model and understand biological evolution (see
[10], esp. chap. 3). Our focus here is on the application of these
cultural evolutionary methods and concepts to archaeology [11–
12], which can be seen as the ‘cultural equivalent’ of paleobiology
in its aims to document and explain past evolutionary change [13].
This has included the use of phylogenetic methods to reconstruct
historical relationships between artifacts [14], the use of models
originally developed in population genetics, such as serial founder

effect and neutral drift models, to explore the effects of
demography on artifact variation [15–24], and the explanation
of artifact variation in terms of cultural transmission biases such as
prestige bias or conformity [21,25].

Another important process of cultural evolution that may have
fruitful application in archaeology is cultural mutation. By analogy
to genetic mutation, this describes the process in which ideas are
involuntarily changed when they are transmitted from one person
to another. In this study we present the first explicit experimental
simulation of a model of cultural mutation in archaeology.
Specifically, we are interested in testing the accumulated copying
error (ACE) model proposed by Eerkens & Lipo [26], in which
random error in a quantitative artifact dimension (e.g. size or
thickness) is generated by the physiological limitations of the
hominin perceptual system. Eerkens & Lipo drew on experimental
findings from psychophysics which showed that the accuracy of
human perception has physiological limits, especially our ability to
perceive differences between objects [27]. If the difference in size
between two objects is below some threshold, then this size
difference will tend to be imperceptible to the naked human eye,
and this will become more and more likely as the size difference
between the objects grows smaller. Such error thresholds are
always relative to the size of the object, rather than absolute. For
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conditions do indeed not deviate from the predicted variances
more than expected by chance at this significance level.

Discussion

The aim of this study was to provide the first explicit
experimental test of the accumulated copying error model of
cultural transmission, in which artifact variation increases due to
imperceptible differences between a copy of an artifact and the
original copied artifact. Acheulean handaxe images were trans-
mitted along 20 independent chains each containing 10 partici-
pants, allowing us to measure inter-individual variation in copying
error (s2) which has previously only been assumed from the
psychophysics literature, in which transmission error and artifact
evolution are not the focus of study. We find that the ACE model
gives good predictions of between-chain variance over time (see
Figure 4B): in both the model and the experiment, between-chain
variation increases exponentially over time as copying error causes
different chains to diverge. Moreover, the empirically determined
estimate of s of 0.0343 resembles quite closely the copying error

assumed in previous models of 3% [26] which was derived from
the psychophysics literature. This supports the use of this
assumption in a cultural transmission context.

However, the empirical between-chain mean did not follow the
predicted mean in the ‘larger’ condition, in which the initial size of
the participants’ handaxe was larger than the target handaxe. It is
also suggestive that in the ‘smaller’ condition, in which the
participants’ handaxe started smaller, the measured between-chain
means trended below the predicted mean, although the difference
between the measured final mean and simulated final means was
not significant at the 5% level. It will require more experimental
testing to establish whether these biasing effects of the initial size of
the object to be resized on its final size are not an artifact of using
an iPad. If they are valid effects, they will have interesting
implications for predicting ACE in archaeological data, as we
would be led to expect that the size of artifacts created by ‘additive’
production methods (e.g. the weaving of baskets) as opposed to
‘reductive’ production processes (e.g. the manufacture of flaked
stone tools) would evolve differently, with the size of additively-

Figure 3. Normal probability plots of empirically measured copying errors. Data from the condition with the larger initial size of handaxe
image is red and from the smaller condition in blue.
doi:10.1371/journal.pone.0048333.g003

Figure 4. Results of the experiment compared to theoretical predictions. (A) Empirically measured sizes in each chain (thin dotted lines) and
means across all chains in each condition (heavy solid lines) in both conditions. Data from the larger condition is plotted in red and data from the
smaller in blue. The dashed black line shows the theoretically predicted mean. (B) Empirically measured variances across all chains in each condition
(solid lines) and theoretically predicted variances (dashed lines) derived by using the empirically measured variance of the copying error distribution
in each condition. Data and predictions from the larger condition are plotted in red and from the smaller condition in blue.
doi:10.1371/journal.pone.0048333.g004
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Introduction

The idea that human culture – defined here as socially
transmitted information such as beliefs, knowledge, skills, artifact
designs, and customs – constitutes an evolutionary process was
hinted at by Darwin himself in The Descent of Man, where he
suggested that languages evolve over time in a manner analogous
to the diversification and extinction of biological species [1]. This
notion of cultural evolution was explored further throughout the
twentieth century by archaeologists [2–3], anthropologists [4–5]
and psychologists [6–7], but it was not until the work of Cavalli-
Sforza & Feldman and Boyd & Richerson in the 1980s [8–9] that
the implications of the parallels between biological and cultural
change were more rigorously explored using the same quantitative
mathematical modeling techniques that population geneticists use
to successfully model and understand biological evolution (see
[10], esp. chap. 3). Our focus here is on the application of these
cultural evolutionary methods and concepts to archaeology [11–
12], which can be seen as the ‘cultural equivalent’ of paleobiology
in its aims to document and explain past evolutionary change [13].
This has included the use of phylogenetic methods to reconstruct
historical relationships between artifacts [14], the use of models
originally developed in population genetics, such as serial founder

effect and neutral drift models, to explore the effects of
demography on artifact variation [15–24], and the explanation
of artifact variation in terms of cultural transmission biases such as
prestige bias or conformity [21,25].

Another important process of cultural evolution that may have
fruitful application in archaeology is cultural mutation. By analogy
to genetic mutation, this describes the process in which ideas are
involuntarily changed when they are transmitted from one person
to another. In this study we present the first explicit experimental
simulation of a model of cultural mutation in archaeology.
Specifically, we are interested in testing the accumulated copying
error (ACE) model proposed by Eerkens & Lipo [26], in which
random error in a quantitative artifact dimension (e.g. size or
thickness) is generated by the physiological limitations of the
hominin perceptual system. Eerkens & Lipo drew on experimental
findings from psychophysics which showed that the accuracy of
human perception has physiological limits, especially our ability to
perceive differences between objects [27]. If the difference in size
between two objects is below some threshold, then this size
difference will tend to be imperceptible to the naked human eye,
and this will become more and more likely as the size difference
between the objects grows smaller. Such error thresholds are
always relative to the size of the object, rather than absolute. For
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• Perceptual error in the experiment = ± 3.43%, 
matching well the 3% in the literature

• Real-life variation in Acheulean handaxe size 
1.5-0.3 million years ago (n=2601) is 20 times 
smaller than predicted by the ACE model with 
error ±3.43%

• Real-life Acheulean handaxe size must be 
constrained by function

• The unexpected effect of initial handaxe size 
has possible implications for additive vs 
reductive tool traditions

Ethics statement
The study was approved by the Queen Mary Research Ethics

Committee. All participants viewed an informed consent screen
and agreed to it by tapping an electronic button; this procedure
was approved by the Research Ethics Committee. All data was
analyzed anonymously, and gender and age information was
deleted after calculating summary statistics across the whole
sample.

Results

Our full results dataset is available in the supplemental materials
(Data S1). Our first aim was to estimate s2 . Figure 3 shows normal
probability plots (in which a straight diagonal line at y = x indicates
perfect fit to a normal distribution) for the distribution of
empirically measured copying errors in each condition. For each
transmission event, copying error is measured by the final size of
the right hand image divided by the size of the left hand image. As
can be seen, they appear normal; in order to formally test this
hypothesis, we used the Anderson-Darling normality test, which
did not reject normality for either distribution (larger condition:
A = 0.53; p = 0.17; smaller condition: A = 0.44; p = 0.29). Having
established their normality, we can estimate s by measuring the
sample standard deviation (we report the sample standard
deviation here rather than the sample variance to avoid reporting
very small numbers, and also because standard deviations are
easier to interpret, being measured in physical units rather than
units squared), which was 0.0269 for the larger condition and
0.0399 for the smaller condition, with an overall mean of 0.0343.

Our second aim was to test the two predictions of the model.
Figure 4 shows the empirically measured sizes, means, and
variances of the chains over time, and their fit to the predicted
values calculated according to the equations derived above. As

Var(Sg) depends on s2 , the empirically measured values of s for
each condition were substituted into the expression in order to
calculate the predicted variances plotted in Figure 4B. As can be
seen, the measured means do not seem to fit the predicted mean
well, but the measured variances do seem to fit the predicted
variances. In order to formally test these hypotheses, we simulated
the process described by the theoretical model, substituting in the
empirically measured variances for each condition’s distribution of
copying errors, and matching the conditions of our experiment

(i.e. 10 chains of 10 generations each in each condition). This was
done with R [46] using code given in the supplemental materials
(Code S1). We derived empirical p-values by measuring the
proportion of times that a value equal to or more extreme, in the
appropriate direction, than the measured final mean and variance
in each condition occurred over 10,000 simulations. For the larger
condition, the proportion of simulations where the final mean was
equal to or more extreme than the empirically measured final
mean was 0.01, and the proportion where the final variance was
equal to or more extreme than the measured final variance was
0.44; for the smaller condition, 0.22 and 0.42. Thus, our visual
intuitions are partly vindicated: the final mean in the larger
condition does deviate from the predicted mean more than
expected by chance at the 5% significance level, but the final mean
in the smaller condition does not, while the final variances in both

Figure 1. Simulations of the ACE model. (A) 10 chains evolving over 400 generations (black lines) and theoretically predicted mean (thick black
line) and variance (thick dashed line). (B) 200 chains evolving over 1000 generations, with individual chains represented by semi-transparent grey
lines so that multiple overlapping lines produce darker colors. The thick black line shows the mean of all chains. In both panels, S0~10 and s~0:03 .
doi:10.1371/journal.pone.0048333.g001

Figure 2. The main screen of the iPad-based experiment. The
handaxe image on the left was created by the previous participant, and
the current participant is asked to resize the handaxe image on the
right so as to match the size of the previous participant’s as closely as
possible. Participants pressed the tick mark to complete the experi-
ment.
doi:10.1371/journal.pone.0048333.g002
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Introduction

The idea that human culture – defined here as socially
transmitted information such as beliefs, knowledge, skills, artifact
designs, and customs – constitutes an evolutionary process was
hinted at by Darwin himself in The Descent of Man, where he
suggested that languages evolve over time in a manner analogous
to the diversification and extinction of biological species [1]. This
notion of cultural evolution was explored further throughout the
twentieth century by archaeologists [2–3], anthropologists [4–5]
and psychologists [6–7], but it was not until the work of Cavalli-
Sforza & Feldman and Boyd & Richerson in the 1980s [8–9] that
the implications of the parallels between biological and cultural
change were more rigorously explored using the same quantitative
mathematical modeling techniques that population geneticists use
to successfully model and understand biological evolution (see
[10], esp. chap. 3). Our focus here is on the application of these
cultural evolutionary methods and concepts to archaeology [11–
12], which can be seen as the ‘cultural equivalent’ of paleobiology
in its aims to document and explain past evolutionary change [13].
This has included the use of phylogenetic methods to reconstruct
historical relationships between artifacts [14], the use of models
originally developed in population genetics, such as serial founder

effect and neutral drift models, to explore the effects of
demography on artifact variation [15–24], and the explanation
of artifact variation in terms of cultural transmission biases such as
prestige bias or conformity [21,25].

Another important process of cultural evolution that may have
fruitful application in archaeology is cultural mutation. By analogy
to genetic mutation, this describes the process in which ideas are
involuntarily changed when they are transmitted from one person
to another. In this study we present the first explicit experimental
simulation of a model of cultural mutation in archaeology.
Specifically, we are interested in testing the accumulated copying
error (ACE) model proposed by Eerkens & Lipo [26], in which
random error in a quantitative artifact dimension (e.g. size or
thickness) is generated by the physiological limitations of the
hominin perceptual system. Eerkens & Lipo drew on experimental
findings from psychophysics which showed that the accuracy of
human perception has physiological limits, especially our ability to
perceive differences between objects [27]. If the difference in size
between two objects is below some threshold, then this size
difference will tend to be imperceptible to the naked human eye,
and this will become more and more likely as the size difference
between the objects grows smaller. Such error thresholds are
always relative to the size of the object, rather than absolute. For
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• "stochastic models ought to be 
developed specifically for cultural data 
and not through a copy-pasting of 
neutral models from population 
genetics or ecology" 

• the Accumulated Copy Error model 
provides a psychologically plausible 
(and experimentally testable) 
stochastic model for cultural evolution



memetics



memetics (1)
• a theory of how cultural information is represented and 

transmitted

• represented as discrete units (like genes)

• transmitted with high fidelity, in an all-or-nothing fashion (like 
genes)

• probably not accurate

• e.g. word sounds seem to blend during language 
acquisition, dimensions like ‘handaxe size’ vary continuously

• we just don’t know enough about how information is 
represented at the neural level



memetics (2)
• the idea that cultural selection operates at the level of the 

meme (trait)

• “selfish” memes spread at the expense of their hosts (e.g. 
religious beliefs?)

• probably true for some cases, 
but:

• needs to be incorporated into 
multi-level selection frameworks 
(e.g. using the Price equation)

• needs to be empirically tested

Ecology and Society 20(2): 34
http://www.ecologyandsociety.org/vol20/iss2/art34/

Cooperation
Humans actively help one another, often at a personal cost and
even when there is no chance of reciprocation (Richerson and
Boyd 1998, Sober and Wilson 1999). Cooperation and prosocial
behavior are necessary for the existence of large-scale cooperative
systems including markets, nation states, and religions (Henrich
et al. 2010). Social systems are supported by human behavioral
adaptations such as reputation (Van Vugt et al. 2005), gossip
(Sommerfeld et al. 2007), and punishment (Boyd et al. 2003, 2010)
that stabilize cooperation in groups.

Groups
Humans are adapted to group life (Richerson and Boyd 2004).
We live in uniquely structured social groups (Gowdy and Krall
2015), signify group membership with cultural markers (Efferson
et al. 2008), and conform to group social norms (Coultas 2004).
Social groups facilitate the emergence of cooperation by allowing
cooperators to cluster and share the collective benefits of
cooperation (Wilson and Dugatkin 1997, Fletcher and Doebeli
2009). Groups also evolve. Groups whose members cooperate and
solve collective-action problems tend to grow and proliferate at
the expense of groups that fail to do so (Choi and Bowles 2007,
Boyd and Richerson 2009). Through this process, known as
cultural group selection (Henrich 2004, Boyd and Richerson
2010), successful group behaviors spread in a population of
groups despite being individually costly (Bowles et al. 2003,
Richerson et al. 2015). As a result, human groups display
emergent organizational behavior (Smaldino 2014) and group-
level adaptations to environmental conditions (Ostrom 1990,
2014).  

The cultural evolution of groups and organizations has direct
environmental consequences. Groups exploit resources, design
products, enforce environmental standards, and galvanize
political change. Cultural evolution gives us an expanded
framework for studying how any type of organization evolves in
response to social and ecological environments. For example,
competition between private enterprises (van den Bergh and
Gowdy 2009) for employees, supplies, and buyers drives business
and product innovation through a process of cultural evolution.
This competition can also select for strategies that shift costs
elsewhere by destroying natural resources or degrading social
capital. When nations change the environmental behavior of
industries through regulation, taxes, and labeling, they are
altering the selective pressures faced by corporations (Auld et al.
2008, Gulbrandsen 2009), which respond adaptively. Human
group-centric adaptations and cultural selection between groups
can also give rise to organizations capable of solving
environmental cooperation dilemmas (Ostrom 2000). However,
there is no guarantee that cooperation will emerge in any given
case because groups, like individuals, often evolve to act in their
short-term interest, recapitulating a tragedy of the commons at
a higher organizational level. Therefore, we must analyze the
emergence of cooperation between assemblies of groups as well
as between individuals. This requires a multilevel perspective.

CULTURAL MULTILEVEL SELECTION
Multilevel environmental governance remains an intransigent
problem because of the overwhelming complexity of untangling
causality and recommending intervention. Gupta (2007:132)
found that “there is no objective way to determine the appropriate

level of [policy or action on] climate change or other
environmental problems” in multilevel contexts. We propose that
cultural multilevel selection (CMLS) theory can be adapted to
address Gupta’s problem directly.  

Multilevel selection (MLS) theory in biology clarifies
evolutionary processes when populations are structured in groups
(Okasha 2006, Simon et al. 2013). Within groups, selection is
driven by differences in fitness between members, or “relative
fitness.” Likewise, if  groups compete within a supergroup,
selection of groups will depend on the relative fitness of groups.
MLS states that processes at both levels matter. MLS is
particularly useful for social dilemmas, in which the interests of
the group are at odds with those of individuals. Cooperative
individuals in a social dilemma benefit group members at a cost
to themselves, decreasing their relative fitness while increasing the
average fitness of the group. Consequently, the selection of
cultural traits at the group and individual levels will favor
conflicting outcomes, and the result is determined by the balance
of selection across levels (Fig. 1). Conflicts between levels of
selection are a generalizable theoretical tool, applying to any
social dilemma at any level, whether between nations in Europe
or between children on a sports team. The evolutionary
interactions between levels have been modeled in multiple ways
(Frank 1995, Simon et al. 2013), and the same formalisms can
serve as a general model for cultural change (El Mouden et al.
2014). Group-beneficial outcomes are more likely to evolve when
migration between groups is low, variation between groups is high,
and the individual cost of altruism is relatively low. This holds
true even when the cooperative individuals are at a disadvantage
within their own groups.

Fig. 1. A simplified graphical model of multilevel selection. In
social dilemmas, outcomes depend on the level of organization
on which selection operates most strongly. To determine the
dominant level of selection, the direction and magnitude of
selection at the relevant levels should be estimated and
compared.

The principles of MLS are already used to manage genetic
evolution. In animal husbandry, individual animals kept in pens
sometimes conflict aggressively with group members, reducing

Waring et al. (2015)
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BY A. L. KROEBER 

A WAY of thought characteristic of our western civilization 
has been the formulation of complementary antitheses, a 
balancing of exclusive opposites. One of these pairs of 

ideas with which our world has been laboring for some two thousand 
years is expressed in the words body and soul. Another couplet 
that has served its useful purpose, but which science is now often 
endeavoring to rid itself of, at least in certain aspects, is the dis- 
tinction of the physical from the mental. A third discrimination 
is that of the vital from the social, or in other phraseology, of the 
organic and the cultural. The implicit recognition of the difference 
between organic qualities and processes and social qualities and 
processes is of long standing. The formal distinction is however 
recent. In fact the full import of the significance of the antithesis 
may be said to be only dawning upon the world. For every occasion 
on which some human mind sharply separates organic and social 
forces, there are dozens of other times when the distinction between 
them is not thought of, or an actual confusion of the two ideas 
takes place. 

One reason for this current confusion of the organic and the 
social is the predominance, in the present phase of the history of 
thought, of the idea of evolution. This idea, one of the earliest, 
simplest, and also vaguest ever attained by the human mind, has 
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“The mind and the body are but facets of the same organic material 
or activity; the social substance - the existence that we call 

civilization [culture] - transcends them utterly …


What we all are able to do is to realize this gap... and to go our paths 
on its respective sides without self-deluding attempts to bridge the 

eternal chasm.”
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we need quantitative models/methods 
(words are imprecise)

“[I]f you are faced by a difficulty or controversy in science, 
an ounce of algebra is worth a ton of verbal argument.”


(JBS Haldane, in Maynard Smith 1965)



Summary
• cultural evolution = culturally inherited variation that changes due to 

various processes (selection-like content/conformity biases, 
transformation, mutation/innovation, migration, drift etc.)

• no suggestion that cultural change is identical to genetic evolution
• no suggestion that all cultural change is selection-based
• advantages over mainstream social sciences:

• uses quantitative models and methods to avoid the ambiguities of 
verbal arguments

• draws on work from multiple usually-isolated disciplines


