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Abstract
When studying the spatial diffusion of a phenomenon, we often know its geographic distribution at
one or more snapshots in time, while the complete history of the diffusion process is unknown. For
example, we know when and where the first Indo-European languages arrived in South America
and their current distribution. However, we do not know the history of how these languages spread,
displacing the indigenous languages from their original habitat. We present a Bayesian model to
interpolate the history of a diffusion process between two points in time with known geographical
distributions. We apply the model to recover the spread of the Indo-European languages in South
America and infer a posterior distribution of possible evolutionary histories of how they expanded
their areas since the time of the first invasion by Europeans. Our model is more generally applicable
to infer the evolutionary history of geographic diffusion phenomena from incomplete data.
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1 Introduction

Following the European colonisation of the Americas during the Age of Discovery, Indo-
European (IE) languages, such as Spanish, Portuguese and French, spread extensively in
South America, eliminating many indigenous languages. Historical records show when and
where the IE languages arrived on the continent. The current spatial distribution of languages
in South America is available in modern language maps. However, little is known about the
spatio-temporal diffusion of the IE languages between the time of first contact at about 1500
CE and today. How have the IE languages spread between the time of contact and today?
How can we infer probable evolutionary histories of this diffusion process in the absence of
relevant historical records?
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In GIScience, similar questions frequently arise when studying diffusion phenomena, such
as urban sprawl, deforestation, land cover change, segregation, or the spread of innovation.
We know the spatial distribution at two points in time, and we would like to interpolate
potential histories of how the diffusion has unfolded in between.

Various methods have been used to model the diffusion process in space. Cellular
automata (CA) were applied to simulate the urban sprawl [4]. Reaction-diffusion equations
were used to represent the demic-diffusion of modern humans theoretically [7]. Network
models were used to describe the diffusion of human culture [6] and dialects [5]. Ising models
were used to describe the diffusion of linguistic features in the UK[2, 3]. While these models
can simulate the diffusion process from a given initial spatial distribution, they cannot infer
the evolutionary history between two known points in time.

In this paper, we present a novel Bayesian model to interpolate potential histories of a
spatial diffusion process, capturing the uncertainty of the process. The model reveals the
distribution of the most likely evolutionary histories of a diffusion process, given the spatial
distribution of the process at two points in time.

We applied the model in a case study to interpolate the spatial diffusion of the invasive IE
languages in the Americas between the time of contact and today, capturing the uncertainty
of the process. The model gives the posterior probability that an IE language occupied a
given location in South America at a given time.

2 Methods

2.1 Model assumptions
We represent space as a network of n discrete nodes P1, ..., Pn, each assigned to one of K

possible states. In the case study, Pi is a cell in a regular spatial grid over South America.
The cell has two states: 1 means an IE language occupies the cell, and 0 means an indigenous
language occupies the cell. We denote the geographical distribution of states at time t with
the vector

M(t) =

x1(t)
...

xn(t)

 ,

where xi(t) is the state of node Pi at time t. In the case study, M(t) is the geographical
distribution of the IE languages in South America at a specific time in history. We model
the spatial diffusion as a Markov process, where M(t) only depends on M(t − 1) and is
independent of earlier time steps. At each time t, every node copies the state from its
neighbours at time t−1. The transmission rate aij , with 0 ≤ aij ≤ 1 and

∑n
j=1 aij = 1, gives

the probability that node Pi copies the state from Pj . The transmission rate is a constant
and must be defined before the analysis. In the case study, each cell can copy the state from
its eight neighbours and itself with equal probability:

aij =
{

1
9 if Pi = Pj or Pi and Pj are neighbours
0 otherwise

.

2.2 Bayesian inference
We use Bayesian inference to estimate the spatial diffusion M(0), ..., M(T ), i.e. the history
of the geographic distribution of states. The spatial diffusion follows a Markov process and
has the probability

P (M(0), ..., M(T )) = P (M(0))
T∏

t=1
P (M(t)|M(t − 1)).
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We know the geographic distribution at two points in time, the initial distribution at
t = 0 and the final distribution at t = T . The history between initial and final distribution,
M(1), .., M(T − 1), has posterior probability

P (M(1), ..., M(T − 1) | M(0), M(T )) = P (M(0), ..., M(T ))
P (M(0), M(T ))

= P (M(0))
P (M(0), M(T ))

T∏
t=1

P (M(t)|M(t − 1))

∝
T∏

t=1

n∏
i=1

P (xi(t) | M(t − 1)). (1)

2.3 Markov chain Monte Carlo (MCMC)
We can use the Metropolis-Hasting (M-H) algorithm to draw samples from the posterior
distribution in Equation 1, repeating the following steps:
1. Randomly choose one timestep t and one node Pi.
2. If xi(t) = k, propose k′ as a candidate state with the proposal distribution

q(k′ | k) =
{

1
K−1 if k′ ̸= k

0 otherwise
.

3. Compute the acceptance ratio

r = P (xi(t) = k′ | M(t − 1))
P (xi(t) = k | M(t − 1))

n∏
j∈N(i)

P (xj(t + 1) | xi(t) = k′, ∩(1≤l≤n,l ̸=i)xl(t))
P (xj(t + 1) | xi(t) = k, ∩(1≤l≤n,l ̸=i)xl(t))

, (2)

where N(i) is the set of neighbours of Pi, or formally the set {j | 1 ≤ j ≤ n, aji > 0}. The
conditional probabilities in expression 2 are computed with the transmission rates aij .

4. Accept the proposal with probability min(r, 1).

Letting m denote the average node degree of the network, one iteration of the MH-
algorithm runs in O(m) time.

3 Case study

In this section, we apply our model to explore the diffusion of the IE languages in South
America, and interpolate probable evolutionary histories of how they have expanded their
geographical area.

3.1 Network and diffusion model
We segmented the landmass of South America into a regular grid, each grid cell representing
a node in the network. The Moore neighbourhood gives the transmission rate between cells:
each cell may copy the state from its eight neighbours or itself with equal probability. Cells
can take two states:

k = 0 ... an indigenous language occupies the cell
k = 1 ... an IE language occupies the cell
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3.2 Data
The data comprise the geographical distributions of languages in 1510, the time of the first
invasion, and 1990, the modern geographical distribution[1]. We included additional European
arrivals between 1510 and 1990 from the literature. For example, the Spanish arrived in
Santa Marta, modern-day Colombia, in 1525, and we fixed the state of the corresponding
grid cells to 1 in the spatial distribution for this year.

3.3 Results
Figure 1 shows the posterior probability of the IE languages reaching each grid cell by 1550,
1750, and 1950. The IE languages gradually spread inland from the initial points of arrival
at the coast. Figure 2 shows the posterior distribution of the arrival of the IE languages to
selected cities along the Amazon basin.

Figure 1 Posterior distribution of IE languages reaching each grid cell by 1550, 1750, and 1950.

4 Discussion

In this paper, we presented a Bayesian model to interpolate the evolutionary history of a
spatial diffusion process between two points in time with known geographic distributions. In
a case study, the model showed likely scenarios of how the invasive Indo-European languages
drove the indigenous languages of South America out of their original habitat.

In contrast to the conventional CA models, the model is fully Bayesian and returns a
posterior distribution of possible evolutionary histories instead of just a single best history.
In the case study, the model revealed the posterior probability of the IE languages reaching
locations in South America between 1510 and 1990. Moreover, one can easily add prior
information to Bayesian models and estimate the posterior distribution of potential evolution-
ary histories considering all available knowledge in a principled way. In the case study, for
example, we added the locations of additional European entries to South America between
the two known times in history.

In our model, the transmission rate reflects the influence of Geography on spatial diffusion.
Since Bayesian models return a full posterior distribution, we can compare models with
different transmission rates, e.g. using the Bayes factor, and evaluate the effect of geographic
hypotheses on the diffusion process. For example, geographical barriers such as mountains
and rivers might hinder the diffusion of languages, blocking the displacement of human
groups. We could model this influence with lower transmission rates in mountainous terrain.
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Figure 2 Posterior distribution of the arrival of IE to selected cities.

Another possible extension includes mutation events, where a node may acquire a state
not shared by any of its neighbours with a non-zero probability. Modelling the mutation
event will enable the inference of an unrecorded arrival of an IE language not included in
the data. Comparing two models with and without the mutation event could show whether
today’s geographical distribution has been formed by continuous diffusion or discontinuous
state change. Since the geographical distribution at a given time still only depends on that
at the previous time, including the mutation event does not violate the assumptions of a
Markov process.

5 Conclusion

We present a method to infer potential histories of a spatial diffusion process between two
points in time with known spatial distributions. We applied the method to infer the history of
the IE languages spreading and displacing the indigenous languages in South America. Our
method is more broadly applicable to infer the evolutionary history of geographic diffusion
phenomena from incomplete data, frequently occurring in GIScience.
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