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Abstract

A central question in behavioral and social sciences is understanding to what extent cultural
traits are inherited from previous generations, transmitted from adjacent populations or pro-
duced in response to changes in socioeconomic and ecological conditions. As quantitative
diachronic databases recording the evolution of cultural artifacts over many generations are
becoming more common, there is a need for appropriate data-driven methods to approach
this question. Here we present a new Bayesian method to infer the dynamics of cultural
traits in a diachronic dataset. Our method called Evoked-Transmitted Cultural model (ETC)
relies on fitting a latent-state model where a cultural trait is a latent variable which guides the
production of the cultural artifacts observed in the database. The dynamics of this cultural
trait may depend on the value of the cultural traits present in previous generations and in
adjacent populations (transmitted culture) and/or on ecological factors (evoked culture). We
show how ETC models can be fitted to quantitative diachronic or synchronic datasets, using
the Expectation-Maximization algorithm, enabling estimating the relative contribution of ver-
tical transmission, horizontal transmission and evoked component in shaping cultural traits.
The method also allows to reconstruct the dynamics of cultural traits in different regions. We
tested the performance of the method on synthetic data for two variants of the method (for
binary or continuous traits). We found that both variants allow reliable estimates of parame-
ters guiding cultural evolution, and that they outperform purely phylogenetic tools that ignore
horizontal transmission and ecological factors. Overall, our method opens new possibilities
to reconstruct how culture is shaped from quantitative data, with possible application in cul-
tural history, cultural anthropology, archaeology, historical linguistics and behavioral
ecology.

Introduction

Evoked and transmitted culture

It is standard in behavioral sciences to distinguish between evoked culture and transmitted
culture [1-5]. Transmitted culture refers to behaviors and beliefs that are mostly due to cul-
tural transmission, either vertically from previous generations (parents, teachers, elders) or
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horizontally from peers and neighbors. Language is a typical example of transmitted culture as
the best predictor of an individual’s language is the language of her parents. By contrast,
evoked culture refers to behaviors and beliefs that are mostly due to the expression of an
evolved behavioral program in response to some environmental cues. A typical example here
is the number of children per woman [6-8]: the environment in which this individual lives (in
terms of income, social support, interpersonal violence) is an important indicator of an indi-
vidual’s reproductive preference (although transmitted norms also probably play a role [9]).
For example, in response to economic development, most middle-income countries (such as
Iran or Korea) have experienced a rapid transition from 6 children per woman to 2 children
per woman, regardless of their original religious tradition and socio-moral norms [10, 11].

Obviously, transmitted and evoked cultures are located on the same continuum. All evoked
cultural behaviors are also partially influenced by cultural transmission. For instance, an
evolved program may trigger an early onset of sexual debut, but the courtship involved in find-
ing a mate may be heavily influenced by transmitted traditions (e.g. the ‘date’ tradition in the
20th c. US culture). In the same way, all transmitted behaviors are also partially influenced by
evoked factors. For instance, phonology has recently been shown to be influenced by dietary
and behavioral practices through changes in bite configuration [12]. Even the content of artis-
tic works can be shaped by the environment. For instance, it has been shown that people living
in more favorable environments tend to be more trustworthy and to invest more in coopera-
tion. In line with this observation, individuals in European portraits tend to display more pro-
social signals in more economically developed periods in history traditions [13]. Here we are
interested in quantifying the relative influence of evoked and transmitted forces onto cultural
evolution.

Computational tools for assessing models of cultural evolution

Disantangling evoked and transmitted factors is often difficult. Variation between any two cul-
tures may result from separate traditions which lead to the transmission of two different trans-
mitted cultures or from different local environments which trigger different behavioral
programs leading to different evoked cultures. Conversely, uniformity between two cultures
could result from similar traditions coming from the same source or from the triggering of
similar evolved mechanisms in similar environments.

Typical quantitative cultural evolution studies use a phylogenetic method to reconstruct
when a particular trait emerged in the past [12, 14-16]. Phylogenetic methods are however
limited by the differences between cultural and genetic evolution. These methods do not take
into account horizontal tranmission of cultural traits, i.e. the geographical diffusion of culture
by communication between populations. Moreover, genetic evolution does not include any
evoked component, i.e. the role of ecological factors such as socio-economic development, lati-
tude, or the size of the population. A possibility to take all these factors into account is to use
instead a regression method [12, 17] that incorporates the influence of ecology, shared cultural
background and spatial proximity onto the observed cultural trait. However regression meth-
ods may not be as accurate as methods that rely on an explicit model of cultural evolution
through time, and are necessarily arbitrary in what they define as shared cultural background.
Importantly, they do not permit to reconstruct the evolution of a cultural trait through time
and across regions.

Cultural evolution with diachronic datasets

Another important characteristic of the studies mentioned above is that cultural traits as well
as ecological factors are observed only once (synchronic dataset), usually at the time of the
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study. However, the development of long-term series of socio-economic indicators [18-21],
combined with quantitative records of cultural traits and cultural productions (diachronic
dataset) [22, 23], now makes it possible to directly assess the impact of ecological and transmit-
ted factors in cultural evolution. To address these limitations, we describe a general statistical
framework to infer the specific causes of cultural evolution in a diachronic or synchronic data-
set. The framework relies on a generative model for the evolution of cultural traits that incor-
porates evoked components and spatial diffusion.

Materials and methods
Defining ETC models

We first distinguish between cultural traits and cultural artifacts. Cultural artifacts correspond
to the material production of a given population: tools, songs, portraits, watches, novels, etc.
(see Fig 1). By contrast, cultural traits are the cognitive and behavioral dispositions shared by
the member of the population: social trust, belief in a moralizing god, conservativeness, etc.
Recent developments in cognitive sciences suggest that it is possible to infer cultural traits
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Fig 1. Evoked and Transmitted Culture (ETC) model. ETC can be represented as a probabilistic directed graph [38], where nodes E,, and A, are
observed, while nodes T, are unobserved. Cultural traits T, evolve through time in a set of interconnected regions (here 4, depicted by different
colours). Horizontal arrows represent how cultural trait is inherited from previous time step in same region, while diagonal arrows represent diffusion
from interconnected regions (cultural communication). Vertical arrows pointing to cultural traits node represent the influence of ecological factors on
cultural trait, while vertical arrows pointing from cultural trait represent the observation process, i.e. how cultural artifacts observed at a specific time ¢
in region r depends on the cultural trait at the same time and location. Left inset: connectivity between different regions, where each edge represent the
existence of cultural communication between two regions (G can also take continuous values, i.e. scale inversely to the distance between regions). The
information is summarized in the connectivity matrix G below.

https://doi.org/10.1371/journal.pone.0264509.9001
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from cultural artifacts. For instance, facial action unites in portraits provide information about
the social traits (trustworthiness, dominance) sitters want to display [24]; the minor mode, a
set of tones that is generally associated with subdued, sad or dark emotions [25] and enjoyed
preferably by individuals high on empathy [26, 27], provides information about the personality
traits of the audience; imaginary worlds in fictions is associated with higher openness-to-
exploration and preferences for explorations [28, 29].

In line with these developments, recent works have used a diversity of cultural artifacts such
as portraits [13], theater plays [30], music [31] and movies [32] to infer the evolution of cul-
tural traits such as social trust [13, 30], positive and negative moods [33], wellbeing [31, 34],
individualism [35, 36], romantic love [37] and exploratory preferences [32]. In all these cases,
scientists build on cognitive and behavioral sciences to connect a specific cultural aspect of
artifact (the smile in portrait) with the underlying cultural trait (the priority given to appearing
trustworthy), and then reconstruct the long-term evolution of this cultural trait using a long-
term series of cultural artifacts.

Cultural traits can be influenced by several factors: they can be transmitted from generation
to generation (vertical cultural transmission), transmitted from one society to its neighbor
(horizontal cultural transmission) or evoked by ecological factors (socio-economic develop-
ment, political organization, etc.).

We will use the following example as an illustration: in this example, the cultural trait is the
general support for gender equity in the population (a cognitive disposition), while the cultural
artifacts could be a corpus of fictions, and for each fiction in the corpus we measure (quantita-
tively) the importance of female characters. We expect that the cognitive disposition at a given
time and region will influence the content of the artifacts: the more support there is for gender
equity in the population, the more likely we expect to find important female characters in the
fictions produced at that time and region. A general question in cultural evolution is to under-
stand the relative importance of ecological factors, vertical transmission and horizontal trans-
mission in the evolution of the cultural trait. Because we have no direct access to the mental
dispositions of ancient populations, we want to infer the dynamics of the cultural traits using
the indirect observations of cultural artifacts. In our example, we would want to understand
what drives changes in the support for gender equity in the population from a dataset of fiction
books at different times and regions, each classified according to the importance of its female
characters. If our hypothesis is that economic development leads to higher support of gender
equity, we could use the GDP per habitant (a proxy to economic development) as the ecologi-
cal factor.

We formalize this problem under the generic name of Evoked and Transmitted Culture
(ETC) models, using the general formalism of probabilistic generative models. A probabilistic
generative model refers to a parametric model which defines a probability distribution for the
observations (here, the cultural artifacts) when the input variables of the models (here, the
number of regions and ecological variables) are known. Bayesian methods allow notably to
estimate the parameters of the generative model that best fit the observations in the dataset
(e.g. through Maximum Likelihood Estimation) and compare which of a set of models is best
supported by the observations. In our example, we could compare a model where economic
development is taken as the ecological factor driving changes in support for gender equity with
a model where the average level of science education is the ecological factor. ETC models are
special forms of latent process models (also called state-space or Hidden-Markov models),
where an unobserved (latent) process evolves through time and determines the value of some
observed variables [38]. Here in general, we take a set or K interconnected geographical
regions and want to understand the cultural evolution in each of these regions within a certain
period of time. For practical reasons we use a set of n discrete time points with time step dt.
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The cultural trait takes a certain value T}, for each region r and each time point ¢, and its evolu-
tion is guided by its value at the preceding time step, as well as the value in neighbouring
regions AV (r) and the value of ecological factors E; ,:

p(T T, E,) =f((T,, T\, {(T, 1 G,.) s € N()},E, ; 0;)) (1)

G, s represents the connectivity between regions r and s in the set of regions N/ (r), i.e. G, is
the level of cultural communication between the two regions. 01 represents a set of parameters
of cultural evolution (which control notably the level of horizontal transmission, vertical trans-
mission and evoked component, see details in following sections). The overall communication
between regions is summarized in the cultural connectivity matrix G, which here is taken to be
constant in time. It is straightforward to extend the framework to use instead a time-varying
connectivity G(t), for example to account for the opening and closing of channels of commu-
nication between regions. One important implication of Eq 1 is that the evolution of cultural
traits follow a Markov process, i.e. cultural traits depend on the past only through their value
at the previous time step.

Defining the temporal limits and the borders of a specific ‘culture’ is tricky. What count as
a culture? What counts as a new culture? For pragmatic reasons, we will consider two cases for
creation of a new culture. Either it is created de novo (from populations for which we do not
have previous records in the database), or it is the offspring of another region (i.e. when a pop-
ulation moves en masse to the new area or split into different populations whose cultural
dynamics will now diverge). In case of a region created de novo, we will assume that the value
of the cultural trait for the new region at its time of creation t, is sampled from some initial dis-
tribution p(T,, ) = p,(T,, ). In the case of an offspring region, we will assume that the value of
the new region r is directly transferred from its parent region s, i.e. T, , = T ,.

The production of artifacts is guided by the value of the cultural traits, and possibly as well
by some other (known) factors F, , that can relate to the material conditions of artifact produc-
tions in region r at time ¢ (e.g. the number of fiction books published) and to the data collec-
tion process (e.g. the records of ancient publications):

p(A,,) =¢(T,,,F,;0,) (2)

where 04 are the parameters of the artifact production process. For example, if each cultural
artifact is a binary variable, then we could define p(A,,) = S(Bo+ B1 Tt + B F;,) where S is the
logistic function and 04 = {8, B1, B>} are parameters that control the bias and the influence of
the trait and factor on the cultural artifact, respectively.

While in general we want to infer the trajectory of unobserved cultural traits from the
observations of cultural artifacts, it is also possible that the values of cultural traits are accessi-
ble at some moment (typically at contemporary times, i.e. at the final time step), and we can
include such information to further constraint the ETC model.

In the following sections we discuss two distinct classes of ETC models: when the cultural
trait takes the form of a binary value (T}, € {0, 1}), and when it takes the form of a continuous
value (T,, € R). In our example, these two classes correspond to classifying a population as
supporting or non-supporting gender equity for the binary trait; or to quantifying the support
to gender equity in the population with a continuous value.

Binary cultural traits

In many circumstances it is convenient to model a cultural trait as a binary value (T, € {0, 1}),
such as the presence or absence of the trait in the population [22]. In this case the probability
of trait transitions between the two consecutive time steps t and t+ dt is defined by time-
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dependent rates of transitions Ry (%, r) and Ryown(Z, 7):

p(T., = 1T, =0) = R,(tr)dt

p(T,,,=0|T,=0) = 1-R,(tr)dt

p(T,,,, =0|T,, =1) = Ry,.,(t,r)dt ®)
p(T,,, =1T,=1) = 1—=Ry,.(tr)dt

Here the approximation is valid only if both rates are much smaller at each time than the
inverse of the time step (Ryp(, 7), Raown(t 1) < 1/dt V(t, 1)). If the time step is too large, then
in Eq 3 the probability of transition in one time step is not infinitesimal, so the transition rates
Ryp(t, r) and Ryown(t, r) cannot be approximated by a constant during each time step due to
their dependence in cultural traits (see below).

Initial values are parametrized by p(T , = 1) = x, (and also for regions created de novo),
with x, the probability that the cultural trait is present in any new region. The rates of transi-
tions depend on the environmentally shaped susceptibility of innovation (transition from trait
absent to trait present) and loss of trait (transition from trait present to trait absent), as well as
on the diffusion from neighbouring areas. For the sake of simplicity and interpretability of the
model, we propose here linear effects, i.e. the transitions rates depend linearly on the value of
the ecological factor and cultural traits in neighbouring regions:

R, (tr) = b,+AE,+& Y. G,— > G,

SEN ()T, =1 SEN(1)| Ty.4=0
(4)
Rin(t:7) = byw —ME, +E( > G,— > G,)
SEN(r) |T;=0 SEN ()| Ty =1

where b, is the intrinsic rate of cultural innovation, and bgowy is the intrinsic rate for loss of
the cultural trait, A is the sensitivity of the cultural transition to the ecological factor and £
determines the rate of cultural diffusion. These five parameters 61 = (X0, bups Daown» A &) deter-
mine the dynamics of the cultural traits. Eq 4 can be rewritten in terms of the multivariate rate
of transitions for all regions Ry,(#) and Ryown(1):

Rup(t> = bupl + 7\‘Et + 6G(2Tt71 - 1)/ (5)

Rdown(t) = b 1- 7\’Et - CG(2TI71 - ]‘)l

down

Combining Egs 3 and 5 allows to compute the time-dependent transition rate p(Ty|Ts
07). This system is equivalent to an input-output Hidden Markov Model (HMM) [39] where
the latent variable is defined as the combination of the cultural trait for all regions, thus taking
2X possible values: T; € {0, 1}¥. For large number of regions K (more than 10-20), the number
of combinations becomes prohibitive, so we must resort to approximate solutions using varia-
tional inference or sampling methods [40].

Continuous cultural traits

Here we present the case when the trait takes a continuous value instead of binary value. We
propose a simple stochastic linear model for the dynamics of cultural traits, where the degree
of vertical transmission, horizontal transmission and evoked component (i.e. influence of the
ecological variable) are controlled by separate parameters (to be estimated from the data). We
define the dynamics of the cultural trait as following the linear influence of the ecological
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factor and value of the trait in neighbouring regions, as captured in the following differential
equation (in continuous time)

dr,,
dlf = 7th,r + s + 7\’Et,r + é Z Gr,s(Tts - Tt‘r) + on (6)
seN(r)

Parameter p is the cultural lability (or cultural leak). It determines the time scale at which
the memory of cultural traits is lost, in other words it controls the degree of vertical transmis-
sion. For example, in an isolated region (no neighbour), in the absence of ecological variable
and noise, then T,, converges exponentially to y/p at time scale 1/p, i.e. the cultural trait is “for-
gotten” with a time scale of 1/p. y is a bias towards positive or negative trait values capturing a
“default” tendency of the cultural trait in the absence of evoked component and horizontal
transmission. Because the raw value of cultural traits is usually arbitrary and one is usually
mostly interested in relative values, one can often assume that y = 0, i.e. that the “default” trait
value is null. If this is not the case, one must take caution in defining the generative process for
artifacts to make sure that a bias term is not present that would make parameters not identifi-
able. For example, for binary artifacts, one could use p(A,,) = S(Bo+ f1 T},) if y is assumed to
be null or p(A;,) = S(6; T},) otherwise; the two systems are mathematically equivalent, they
only differ in whether the constant bias 3, is absorbed into a fixed offset of cultural traits or
not. 17 is a Wiener process capturing the stochastic component in cultural evolution, and ¢ is
the noise parameter. As for the binary case, A represents the susceptibility to the ecological var-
iable, and & the rate of cultural diffusion. Eq 6 can be viewed as an Ornstein-Uhlenbeck process
where the drift term depends linearly on the value of the ecological variable and cultural traits
in neighbouring regions, while the diffusion term is constant. Eq 6 is transformed in discrete
time as a linear-Gaussian evolution equation, taking the form:

Ttm = (1 - pdt) thlﬁr + dt("/ + 7\’Em' + é Z Gr.s(thl,s - thl.r)) + Gmn (7)
seN(r)

The cultural trait is initiated independently at each region from a gaussian distribution cen-
tered on x, and of variance 7. The same applies to regions created de novo, while regions cre-
ated from a parent simply inherit the value of the trait for the parent region.

Eq 7 can be reframed in terms of the K-dimensional vector T}

T, = (1 — pdt)T, | + dt(y1 + \E, + £GT,_))) + o/dtn,n ~ N(0;1) (8)

where G is defined by G, = G, — >..G, and G,, = G, for r #s.
Thus T is a multivariate auto-regressive model of order one, its dynamics is given by:

T, = MT, ,+]J,+nVdt, with
M = (1—pdt)+&dtG and (9)
J, = (MAE,+y1)dt

The initial state is T, ~ N (x,1, o;1I).

The set of parameters for the cultural trait evolution is @, = (y,, ¢, p, 6, x,, o7 ). The first
five parameters relate to the cultural trait evolution 07,), while the last two refer to the initiali-
zation (07;). Depending on the particular ETC problem, there may also be parameters associ-
ated with the artifact production model, that we denote generically 6,.
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General fitting procedure

We are generally interested in estimating from a dataset (including cultural artifacts A, eco-
logical factors E as well as the cultural connectivity G) the set of parameters 6 = (01, 8,) from
the ETC model. Here we define A and T as the entire collection of cultural artifacts and traits,
ie.A=(A;.A,)and T = (T,..T,). Best fitting parameters report the degree of ecological deter-
mination, vertical and horizontal transmission of the cultural traits, and allow estimating the
dynamics of the cultural traits across time. They also allow comparing different models, for
example to assess which ecological factor accounts for the variation of cultural traits.

There is in general no analytical form to find a solution to this problem, except for some
cases such as HMM (see Appendix A in S1 Appendix) or linear dynamical systems (i.e. contin-
uous trait variable with continuous artifacts generated as gaussian observations). For other
types of model, we will have to recur to approximate solutions, using a variety of techniques
such as analytical approximations, variational approaches or sampling methods [38]. Most of
these methods rely on variations of the Expectation-Maximization (EM) algorithm (although
see [41, 42] for alternative approaches). The EM algorithm runs recursively between two
stages. In the Expectation stage, we compute the posterior probability for the value of the
(unobserved) cultural traits, given the (observed) cultural artifacts and the current value of the
parameters, i.e. q(T; 0) = p(T|A, 0). In case the value of cultural traits are observed at some
points, inference will also be based on these observed traits T q(T; 0) = p(T}|A, T, 0).
While exact inference can be performed when the cultural trait is binary (see Appendix A in
S1 Appendix), it cannot in general when the cultural trait is continuous, so we have to resort to
approximate methods to evaluate the posterior g(T; ). We have investigated three types of
approximations: moment method, Laplace approximation and Expectation-Propagation (EP)
(see Appendix B in S1 Appendix for details).

The second stage of the EM algorithm is the Maximization stage. In this stage, we look for
the parameters 6 that best account for the observed data, given the estimation of the value
of cultural artifacts from the E-step, i.e we maximize Q(6; 074y = J q(T; 0"ld)log p(A, T|0)dT
w.r.t. 0:

Q(6;6™) = [q(T;6™)log p(A, T|6)dT (10)
fq 001d log P(T‘ dT+ fq(T7 001d)10g ‘D(14|T7 0A)dT

We define Q1(607) and Q4(8,) as resp. the first and second integrals in the right hand
side. We can see that trait parameters 67 and production parameters 84 can be estimated
independently by maximizing Qrand Q4 separately. Since trait evolution is a Markov process,
p(T) = p(To)IT; p(Ty| Ty—1), Qr can further be dissociated into initialization and evolution
terms:

QT(0T;0OM) = fq o)log p(T,|0,)dT + Zt 1[‘1 , T, )log p(T|T, ,,0,,)dT (1)
= QTi(05 oold) + QTe(OTe5 agld)

Qa(0,) can also be decomposed into a sum of terms depending on each artifact indepen-
dently:

QA(aA;HOZd) = fq )log p( AlT 0 )

= Ztrfq t,r logp(Atr| t,r) ) T

(12)
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The algorithm stops when the change in log-likelihood log £(8) = log p(A|T, 8) of the
parameters between two successive iterations is below a certain threshold. Since the (log-) like-
lihood function is in general non-convex, the EM procedure can converge to a local (non
global) minimum. To mitigate this problem, multiple EM loops are launched, each with a dif-
ferent set of initival values for parameters 6. The set of final parameters with overall higher
likelihood is retained.

Once we have identified best-fitting parameters 8, we can infer the trajectory of cultural
traits across time in the different region, which is given directly by the result of the E-step

q(T; ). We also define measures of influence, which compare how much variance in the cul-
tural trait value can be explained by the value of the cultural trait in the same region one gener-
ation before (influence of vertical transmission), by the value of the cultural trait in
neighbouring regions (influence of horizontal transmission) and the value of the ecological fac-
tor in the same region (influence of environment, see Appendix B5 in S1 Appendix for details).

Confidence interval and model comparison

Once we have obtained the best-fitting values @ for the ETC parameters, we are generally inter-
ested in deriving some confidence intervals for these values. We will use two different ways to
compute them. Since in a latent model observations are not independently drawn, classical
bootstrapping methods cannot be used; we can use parametric bootstrapping instead [43]. In
parametric bootstrapping, we evaluate the dispersion in parameter estimation that we should
expect if the true model corresponded indeed to the ETC model with best-fitted values. We
will generate ny different samples from the ETC parametrized with best fitting value, i.e. we

sample from A|6. Each sample has the exact same number of observations at each data point
as in the real dataset. Then the fitting procedure is applied to each of the synthetic datasets.
The distribution Oyoo¢straps Of the parameters reflects the intrinsic uncertainty of the estimation
process for our dataset. It can be used directly to extract confidence interval for each
parameter.

An alternative strategy is to use the Laplace approximation to approximate the posterior
distribution over parameters p(6|A) by a Gaussian distribution centered on the MAP parame-
ters (0, Z) [38]. Posterior distribution for each parameter is the approximated by N(0,,Z,),
and significance for the parameter vs. null hypothesis 8; = 0 can be tested using the Wald test.
% is taken to be the inverse of the Hessian of —log £(8) taken at the MAP parameters, i.e. it is
defined by the local curvature of the log-likelihood function.

Following [44], the Hessian H of the log-likelihood function evaluated through an EM algo-
rithm can be computed following

H = VVlog £(8) = VVQ(8) (I — V(arg max,Q(0; 6°")| pui_;) (13)

The Jacobian can be evaluated by methods of finite differences, while the Hessian of Q,
because of the decomposition of Q in Eq 11, decomposes also into Hessians related to Qrand

Qa:

. vVQ,(8,) 0
vVQ(9) = (14)
0 VVQ,(8,)

Both Hessians can be computed analytically in a variety of cases (see Appendices A2 and B2
in S1 Appendix).
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Model comparison permits to compare the full version of the model to reduced versions,
where either diffusion between regions and/or evoked component is removed. To perform
model comparison, we can use the log model evidence (marginalized over parameter vlaues),
which can be approximated using the Laplace approximation (and assuming a broad prior for
parameters ) by:

log p(A) ~ log p(A|@) + 1/2log|H| (15)

Other methods that penalize the log-likelihood based on the numbers of parameters such as
the Akaike Information Criterion (AIC) or Bayesian Information Criterion (BIC). Alterna-
tively, model comparison can be performed using cross-validation, which is more expensive
computationally but will be more accurate when the Laplace approximation is not appropriate,
notably when there are multiple local maxima in the LLH. Here we used k-fold cross-valida-
tion, where model performance was assessed using Cross-Validated Log-Likelihood.

Results
Testing with binary ETC model

We first tested our estimation method on synthetic data generated from an ETC with binary
traits and binary artifacts. The model was run over 6 interconnected regions over 1000 time
steps (see details in Appendix C1 in S1 Appendix). We compared the true value with the esti-
mated values for cultural traits and parameters of the model (Fig 2a). The fitting algorithm
captured the overall dynamics of the up and down states of the cultural traits in all regions. It
also provided reliable estimates of the parameters of the ETC model (Fig 2b). Finally we per-
formed Bayesian model comparison of the full ETC model with reduced model where we
either removed horizontal transmission (evoked-only model, where we enforced £ = 0) or
evoked component (diffusion-only model, where we enforced A = 0). BIC was larger in either
reduced model than in the full model (ABIC ~ 15), showing that the Bayesian procedure
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Fig 2. Fitting a binary ETC model on synthetic data. A. True vs. inferred cultural traits across time in all regions
(bottom to top, from region 1 to region 6). Full lines represent the true binary cultural trait T, ,, while dotted line
represent the posterior probability of the cultural trait given by estimated parameters p(Tm\é), where parameters are
estimated using the EM procedure from observed data (E, A). B. Value of parameters estimated with the EM procedure
(gray bars) against true value of the parameters (red ticks). C Model comparison between full and reduced models.
Value of ABIC = BIC(reduced) — BIC(full), for two different reduced models: evoked-only model and diffusion-only
model.

https://doi.org/10.1371/journal.pone.0264509.9002
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Fig 3. Trait variables estimated from continuous ETC model, using moment, Laplace or Expectation-Propagation
method in the E-step. The true trait value is represented by thick gray lines, the inferred trait posterior is represented
by its posterior mean (dotted coloured lines) and standard deviation (shaded areas). Each colour represent values in a
different region. Note that in this example region 2 was created from region 3 at time step 31, region 1 was created de
novo at time step 51, while region 3 was suppressed at time step 300.

https://doi.org/10.1371/journal.pone.0264509.9003

correctly identified that both horizontal transmission and evoked component contributed to
the evolution of the cultural trait (Fig 2c).

Testing continuous ETC model

Subsequently, we tested the estimation method for ETC models with a continuous trait, and
artifacts with count values (the number of fiction books produced in a given region and year).
We simulated K = 5 regions over 400 times steps (e.g. over 2000 years with time step of dt =5
years; details in Appendix C2 in S1 Appendix). The number of books in the dataset was on
average 10 per century and per region, and the values in A correspond in our example to the
number of important female characters in each book. We want to reconstruct the dynamics of
the support for gender equity (the cultural trait) from this synthetic corpus of fictions. We fit-
ted ETC models from a batch of 100 simulated datasets using the same parameter set, and for
each dataset we compared three different methods for approximating the posterior latent dis-
tribution during the E-step of the EM algorithm: moment method, Laplace approximation
and Expectation-Propagation (EP) (see Appendix B in S1 Appendix).

We found that model fitting based provided very good estimates of true parameters and of
the trajectory of cultural traits (Figs 3 and 4f), irrespective of the approximation method used.
All three approximation methods also provided good estimates of true parameters, with little
to no bias (Fig 4a to 4e). The Laplace and EP approximations provided better estimates than
the moment method, with less bias and less variance in parameter estimates. The Laplace and
EP approximations provided indeed very similar results, with very high correlation between
parameter estimates between the two methods: > 0.99 for all 7 parameters expect noise
parameter o (r = 0.94). By contrast, the correlation was much lower between estimates given
by the moment method and either the EP or Laplace approximation (r in the range 0.2-0.8,
except for o7 and x, where r values were in the range 0.94-0.97). We also tested the capacity of
the method to detect from the data whether diffusion of the cultural trait between regions and/
or an evoked component are present. For such hypothesis testing, we compared which of four
alternative models was better supported by the synthetic data: the full ETC model, that
included diffusion and evoked component; the no diffusion model, that included evoked com-
ponent but no diffusion (i.e. parameter £ is set to 0); the no evoked model, that included
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Fig4. A-G Estimated ETC parameters for each type of approximate method in E-step (Laplace approximation, EP or
moment method). Dotted line represent the true value. H: mean squared error on cultural trait. Bars: average value
over datasets; error bars: standard deviation across datasets.

https://doi.org/10.1371/journal.pone.0264509.9004

diffusion but no evoked component (i.e. parameter A set to 0); and the control model, where
diffusion and evoked component are both absent. We compared different metrics to perform
model selection: metrics based on penalized log-likelihood (Akaike Information Criterion,
AIC; Bayesian Information Criterion, BIC), on cross-validation (Cross-Validated Log-Likeli-
hood, CVLL), or on permutation tests on individual parameters on the full model (boostraps).
We report in Fig 5 the proportion of datasets where each of the model is selected, for each met-
ric and each approximation algorithm. Results were similar using either Laplace or EP approx-
imation. For both approximations, the full model was correctly identified in a majority of
cases for all metrics. Cross-validation (CVLL) provided the most sensitive measure, as it cor-
rectly identified the full model in almost all datasets. Using the moment estimation instead, the
full model was correctly identified in a smaller proportion of datasets irrespective of the met-
rics used. In summary, the EP and Laplace approximations outperformed the moment method
for parameter estimation and model selection.

These results were obtained for a certain choice of parameter values and number of obser-
vations (i.e. the total number of artifacts). Exploring the estimation properties when all param-
eter values and number of observations are changed is out of scope of the present study.
However, we performed further analyses varying the value of parameter A. We found that
parameter values were correctly estimated when A was varied (S1 Fig), suggesting that our pre-
vious results hold at least for a certain range of parameters. Trait trajectories and model

AIC BIC CVLL bootstraps
control
I oment
no diffusion I =P
[ Laplace
no evoked
0 0.5 1 0 0.5 0 0.5 1 0 0.5 1
proportion datasets proportion datasets proportion datasets proportion datasets

Fig 5. Model selection for simulated datasets using different metrics (AIC, BIC, CVLL or boostrapping p-values)
and approximate inference methods for E-step (moment: Blue bars; Expectation-Propagation: Red bars; Laplace
method: Green bars). Each bar represents the proportion of simulated datasets where the corresponding model (full,
no evoked model, no diffusion model or control model) was selected. CVLL was computed using 5-fold cross-
validation.

https://doi.org/10.1371/journal.pone.0264509.g005
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parameters were also correctly estimated when we increased the number of regions to K = 50
instead of 5 (S2 Fig). Moreover, in another set of simulations, we varied the number of time
steps in each simulation, which effectively modulates the sample size. As expected, we found
that when more time steps are included in the dataset, parameters were more accurately esti-
mated (S3 Fig), and that the full model was more often (correctly) identified as the underlying
model (54 Fig). This stresses the importance of sample size for making correct inference from
the data, as in any statistical analysis.

Sample size is not the only factor that affects the identifiability of parameters. In Appendix
B6 in S1 Appendix, we show that if cultural traits are observed (and not latent variables
inferred from cultural artifacts), then parameters (¥, p, A, £) can be estimated using simple lin-
ear regression. The Variance Inflation Factor (VIF) is a metric that determines the identifiabil-
ity of parameters in linear regression and thus be applied for each parameter (y, p, A, §). For
example, if each region is connected to many regions, then the influence from all neighbouring
regions can average out. In such case the parameter & cannot be accurately estimated, as its cor-
responding VIF is very high (S5 Fig, bottom panels). By contrast, the parameter can be esti-
mated accurately in the exact same model if the connectivity between regions is low, as the
algorithm can trace back the influence onto a region cultural trait of traits in the few neigh-
bouring regions (S5 Fig, top panels). In general, the cultural traits are not observed directly but
we define a pseudo-VIF measure applied a posteriori to the estimated model that provides
information about the identifiability of each of the parameters that regulate cultural trait evolu-
tion (See Appendix B6 in S1 Appendix).

ETC generates better estimates than a two-stage analysis

Next, we compared our approach to a simpler two-stage approach where cultural traits are
first estimated using cultural artifacts produced in the same region and at the same time, and
parameters are later estimated directly based on these estimated latents. This second stage
resembles the fitting procedure used in [45], applied directed to cultural traits rated by differ-
ent experts for each region and time. The estimated cultural traits using this method differ
from the EM algorithm in two important aspects: they are only constrained by cultural artifacts
(whereas in the EM algorithm they are constrained by both artifacts and estimated parame-
ters); they do no include any level of uncertainty. Based on both of these aspects, we can expect
poorer estimates: ignoring reliability of the estimates leads to weighing equally data points
with many cultural artifacts and data points with a scarcity of artifacts. We compared the two
methods on synthetic data generated from an ETC model with 5 regions over 500 time steps,
producing continuous-valued artifacts (details in Appendix C3 in S1 Appendix). We separated
the time frame into a longer period of scarcity of artifacts (first 400 times steps; mean artifact
per time point: 0.1), and a shorter period of abundance of artifacts (last 100 time steps; mean
number of artifacts: 1).

Cultural traits estimated from both methods are compared in Fig 6a. We see that the one-
stage method provides good estimates of the true cultural traits. It also displays more uncer-
tainty for data points with scarce cultural production (left to the black vertical bar) compared
to data points with an abundance of cultural artifacts (right to the black vertical bar). By con-
trast, the two-stage method provides less smooth and less accurate estimates of cultural traits.
We also compare the estimated parameters from both methods in Fig 6b for 30 different simu-
lations. The one-stage method provides very reliable and unbiased estimates, especially for the
parameters defining the dynamics of cultural trait evolution (3, A, 77, p, 0°). Moreover, as pre-
dicted, the two-stage method provides very biased and unreliable estimates. We also found
that the mean-squared error term over the cultural trait was on average much lower in the
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Fig 6. Comparison of the one-stage and two-stage estimation procedures. A. Left: Estimates of cultural trait using
the standard ETC model. Legend as in Fig 3. Vertical lines marks the transition from low to high cultural production
period. Right: Direct estimates of cultural trait by averaging cultural artifacts in same region and within a certain
window of time. B. Parameter estimates using one-stage (blue bars) vs two-stage (red-bars) method. Vertical dashed
line indicate true value of the parameters. Error bars: standard deviation of estimates across datasets. C. Average mean-
squared-error on cultural traits using one-stage vs. two-stage method (log-scale).

https://doi.org/10.1371/journal.pone.0264509.g006

one-stage than in the two-stage procedure (Fig 6¢). We attribute this to the fact that the two-
stage method estimates the dynamic regime of the cultural trait without taking into account
the uncertainty about cultural trait.

Cultural evolution can also be inferred from synchronous data

Finally, we studied whether ETC model parameters could also be reliably inferred from syn-
chronous instead of diachronous data. We simulated the evolution of a cultural trait in regions
forming a phylogenetic tree (details in Appendix C4 in S1 Appendix). The evolution of the cul-
tural trait was influenced by the value of a binary ecological factor (Fig 7a and 7b). We then fit-
ted ETC parameters to the cultural traits observed in all regions at the final time of the
simulation. We compared two versions of the model: either the full ETC model, or the model
without spatial diffusion, which is very similar to the classical phylogenetic method previously
used on cultural datasets [14-16]. Despite using only the final points of the cultural evolution,
the method reliably reconstructed the trajectory of the cultural traits along the tree (Fig 7¢).
The reconstruction error increased when cultural diffusion was not included into the dynam-
ics of cultural evolution (Fig 7d and 7f). Parameters were also estimated relatively well using
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Fig 7. Fitting ETC model on synchronous dataset. A. Value of binary ecological factor along phylogenetic tree of
regions. The tree represents 50 regions, where parenthood indicates that the new region takes the value of the cultural
trait from its parent. Ecological factor is color coded, with blue indicating that the factor is inactive, and red indicating
that the factor is active. B. Value of cultural trait along the phylogenetic tree, simulated from ETC model. Value is color
coded, with blue indicating negative values, and red positive values. C. Posterior mean over cultural trait inferred from
full ETC model fitted to synchronous data. Same colour code as B. D. Same as C, for ETC model that does not include
cultural diffusion. E. Estimated parameters using full ETC model (blue bars) vs. ETC model without spatial diffusion
(red bars). Same legend as Fig 2. F. Reconstructing error on cultural trait, for the two variants of the model.

https://doi.org/10.1371/journal.pone.0264509.9007

the full ETC model (Fig 7e), with little to no bias. By contrast, ignoring cultural diffusion lead
to systematic biases in parameter estimation, especially for the cultural lability parameter p,
which controls vertical transmission. We interpret this as an incorrect assignment of cultural
transmission: because horizontal transmission is not taken into account, similarities between
the cultural trait in different regions are uniquely attributed to vertical transmission from a
common parent.

Discussion

There has been a recent interest in using quantitative approaches, and in particular model fit-
ting, to test hypotheses about the evolution of culture and cultural traits at a microscopic [46,
47] or macroscopic scale [14, 15, 17]. While phylogenetic approaches have been applied in cer-
tain cases [14-17], there are two major differences between the dynamics of cultural and
genetic evolution. First, unlike genetic evolution, horizontal transmission is an important fac-
tor of cultural evolution, competing with vertical transmission (i.e. transmission from previous
generation). Second, unlike Darwinian evolution, cultural evolution may be influenced
directly by the environment via phenotypic plasticity [48]. Thus, quantitative models of cul-
tural evolution should capture these three types of driving forces: vertical transmission, hori-
zontal transmission and influence of the environment. We have presented here a new
quantitative model termed ETC which captures how these three driving forces can shape the
evolution of a cultural trait. In ETC, the importance of these factors are captured by specific
parameters. Importantly, we have shown that our model fitting procedure allows to estimate
reliably model parameters from a diachronic database, where the evolution of cultural traits
are not directly observed but inferred from the production of cultural artificats in different
regions and different times. The ETC framework allows to capture different types of cultural
traits (as a binary or continuous variable) and cultural artifacts (binary, counts, continuous
variable, . . .). At the current time it models the cultural trait as a single metric over the entire
population in one region at each time step, but possible extensions could include richer
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representations of the cultural traits such as stratified cultural traits by generation [49] or the
encoding of various cultural traits [16].

The fitting procedure relies on an Expectation-Maximization algorithm. In the Expectation
step, two approximate inference algorithms have shown to yield the best results (for continu-
ous traits): the Laplace approximation and Expectation-Propagation. These approximations
work better than the moment method [50] probably because they are global approximations,
i.e. they approximate directly the distribution of the collection of trait values at all time steps T.
By contrast, the moment method relies on local approximations, i.e. approximate the trait
value at each time step T, sequentially, allowing for errors to accumulate from time step to
time step. The moment method has a lower computational cost however, and especially it
scales better with the number of time steps. The computational complexity of the algorithm is
largely driven by inversions of covariance matrices in the E-step. Theses squares matrices are
of size K for the moment method, and matrix inversion is repeated at each time step, so the
computational cost scales as O(TK”). By contrast, the GP framework works with the full
covariance matrix of size KT, so the cost scales as K> T° (the inversion can be performed only
for data points with attached observations, so the actual cost can be drastically reduced if the
artifacts are sparse). The moment method thus provides a good alternative to the other meth-
ods for large datasets.

As expected for any statistical procedure, the accuracy of parameter estimation and model
selection depends largely on the structure of the data and in particular on the number of obser-
vations (here the number of artifacts; S3-S5 Figs). A full exploration of the estimation error in
synthetic data for different values of the parameter set is out of scope of the present study.
Rather, prior to using the data on a specific dataset, we encourage to always perform parameter
recovery analysis with simulated data matching the original data in all aspects (number of
regions, connectivity, value of ecological variables, number of artifacts at each time point) [51].
For example it is expected that for a low number of artifacts the method may not succeed in
tearing apart the contributions of horizontal and vertical transmission to cultural alignment.
The pseudo-VIF measure (Appendix B6 in S1 Appendix) also provides some information
about the identifiability of the parameters a posteriori.

We also found that the fitting procedure with EM algorithm is much more reliable than a
two-stage procedure where cultural traits are first estimated from cultural artifacts, and ETC
parameters are then fitted on these cultural traits (Fig 6). The major reason is that this second
method ignores altogether the uncertainty about the cultural trait, which strongly biases the
estimates of the dynamic rules that dictate the evolution of these traits. This suggests that fit-
ting and comparing models of cultural evolution based on datasets of cultural traits that
ignores the necessary error-in-measure (whether such error comes from limited samples of
cultural artifacts or any imprecision in manual ratings of cultural traits) can lead to incorrect
conclusions [45]. As a side note, the direct procedure has also three important benefits. First,
the uncertainty about the cultural traits naturally reflects the abundance of cultural artifacts in
the region (or neighbouring regions) at the time. Second, the temporal and spatial scale over
which cultural artifacts are integrated to produce latent trait estimates are not defined a priori
but are directly adjusted to the ETC parameters (as implicitly defined from the E step of the
EM algorithm). Finally, the dynamics of cultural traits is jointly constrained by cultural arti-
facts, and the ET'C estimated parameters through dynamic rules of the ETC model. This con-
strasts with the two-step procedure where cultural traits are only inferred from cultural
artifacts.

While the method is naturally designed to assess cultural evolution from diachronic data-
sets, it can also reconstruct the evolution of a cultural trait from a synchronous dataset, i.e.
from observing this trait in different regions at a single time (Fig 7). In this sense the method
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bears many similarities to existing phylogenetic methods that have been previously employed
for cultural datasets. However we found that it is better adapted than phylogenetic methods, as
it includes the specificities of cultural evolution with respect to genetic evolution: notably ETC
models can incorporate the influence of evoked component and cultural diffusion, unlike stan-
dard phylogenetic methods. We found that ignoring horizontal transmission (i.e. cultural dif-
fusion) leads to misattributing shared common traits to vertical transmission (Fig 7). This
induces a biased estimation of the cultural lability parameter that controls vertical transmis-
sion, as well as unreliable reconstructed evolution of the cultural trait. This suggests a cautious
interpretation of previous studies that have used the phylogenetic method to infer co-evolution
of cultural traits. For instance, while it is true that Austronesian societies have remained rela-
tively isolated from each other during the last millennium [16], cultural transmission probably
occurred many times before the arrival of the Europeans [52]. We believe that taking this hori-
zontal transmission into account could significantly change the way we think cultural traits
have evolved in these regions.

The natural application of the method is to study how cultures evolve in different popula-
tions or regions, but ETC models could be equally well deployed for quantitative analyses in
many other fields. For example, in archaelogy, it could also be used for reconstructing the evo-
lution of cultural traits in a network of connected settlements, where data is accessible to us
through fragmented records with usually limited coverage in time and space [53]. Comparison
between ETC models with different underlying diffusion networks could be used in this con-
text to infer the pathways of cultural diffusion. In behavioral ecology, ETC models could be
applied to understand how cultural traits can diffuse between social groups and whether they
can be shaped by ecological factors [54-56]. In studies of human cultures, the different nodes
of the network do not need to correspond to geographical regions but could correspond to any
kind of social group. For example, ETC models could be used to infer how and why specific
cultural traits (e.g. linguistic traits) spread between different social classes, based on a language
corpus. The nodes of the network could even be interconnected individuals. For example,

ETC models could be used to understand how socioeconomic conditions shape the diffusion
and the evolution of artistic practices within a group of artist [57].

Conclusion

We have proposed a class of model, called Evoked and Transmitted Culture (ETC) models, to
capture the dynamics of evolution of cultural traits in a set of interconnected networks. Bayes-
ian methods were shown to provide accurate tool to reconstruct such evolution from a (possi-
bly fragmented) diachronic dataset of cultural artifacts, and also perform well on synchronic
datasets. These methods are available as a Matlab toolbox accessible at https://github.com/
ahyafil/Evoked_Transmitted_Culture. We hope this new quantitative tool will help unveil the
determinants of cultural evolution among societies, social groups and individuals.

Supporting information

S1 Appendix.
(PDF)

S1 Fig. Estimated parameters of ETC model for different values of the A parameter. Each
row represents a value of A, and each column represents one parameter from the ETC model.
The last column represents the MSE on the cultural trait. Legend as in Fig 4 of main manu-
script.

(PNG)
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S2 Fig. ETC model with K = 50 regions. Panel A shows the true trajectories (full grey lines)
and inferred trajectories using the moment method (dotted color lines) for each region. The
overlap shows that all trajectories were well estimated. The parameters used for simulations
are:y=0.1,A=1,&=0.1, p=0.08, 0 = 0.2, xy = 0.6, 0o = 2. Panel B shows the estimated param-
eters for 100 simulations with same parameter values (bar: mean over simulations; error bar:
standard deviation over simulations). Dotted lines indicate the true value of the parameter.
(PNG)

S3 Fig. Estimated parameters of the ETC model with the moment method for different
numbers of time steps (100, 400 or 1000 time steps). The parameters used for simulations
are:y=0.1,A=1,&=0.04, p=0.08,0=0.2,x = 0.6, 0p = 0.5. Each panel represents one
parameter from the ETC model. Bars and error bars represent the mean and standard devia-
tion of the estimated parameters over 100 simulations, respectively. The bottom right panel
represents the MSE on the cultural trait.

(PNG)

$4 Fig. Model comparison for the simulations of S3 Fig. Each row corresponds to a different
number of time steps T, each column corresponds to a different metric used for model com-
parison. The larger is the dataset, the more probable it is that the full model is correctly identi-
fied as the best model, for all types of metrics.

(PNG)

S5 Fig. Parameter estimation for ETC models where cultural traits T are directly observed,
and for a connectivity matrix G between regions with either low connectivity or high con-
nectivity. The probability of connectivity (with node strength G, = 1) was set to pg = 0.5 in
the high-connectivity model and p¢ = 0.05 in the low-connectivity model. In each simulation,
an ETC model with K = 50 regions was simulated during 500 times steps, using the following
value of parameters: ¥ = 0.05, A = 1, p = 0.08, 0= 0.2, xy = 0.6, gy = 0.1. The value of the diffu-
sion parameter & was normalized to the overall probability of connection between each region
pe (6 =0.01/pg) so that the overall influence of cultural diffusion was comparable between the
high-connectivity and low-connectivity models. A. Distribution of parameters estimated from
the models, from 500 simulations for both low-connectivity (top row) and high-connectivity
(bottom row) matrices. The diffusion parameter is normalized to &/pg for better comparison.
Red lines indicate the true value of the parameter. Note that the estimation of parameters y, £
and p are much less precise in the high connectivity network compared to the low-connectivity
network, while the estimation of A is mostly preserved. B. Variance Inflation Factor (VIF) for
the regressors related to the A, £ and p parameters into the linear regression analysis, averaged
over simulations (bar: mean; error bars: standard deviation), for low- and high-connectivity
models. VIF values close to 1 indicate good identifiability of the parameters, while values
above 5-10 indicate poor identifiability due to regressors being nearly colinear. Note the prob-
lem of colinearity in the high-connectiviy network affecting the identifiability of parametres &
and p (but not A). C. Relationship between VIF for regressor related to p and the estimated
value of parameter p. Each dot represents a simulation. Red line indicates the true value. Larger
estimation errors are obtained for simulations with large VIF. In other words, the relationship
between VIF and estimation error is present within the same set of simulations.
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