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Inductive locational models have been used for decades to map the probability of past settlements and identify
the preferred environmental conditions for habitation. In this study we apply inductive modelling to compare the
spatial structure of the settlement systems of hunter-fisher-gatherer groups (Narva and Combed Ware Culture)
and early agrarian communities (Corded Ware Culture) in Stone Age Estonia.

We conceptualise settlement system formation as a point process and develop a first order point process model
representing the environmental suitability for habitation based on geomorphological, soil and proximity to
water. We use MaxEnt and the SDMTune machine learning framework for building the model, variable selection
and estimation. The model is applied to the two communities and the effects of the variables and the resulting
spatial patterns compared.

The statistical analysis indicated higher predictive power for hunter-fisher-gatherer sites, which might result
from higher variety of agrarian activities, different socio-economic organization or effects of spatial structure of
the landscape.

The spatial comparison indicates significant differences between the suitable environments for habitation
between the two groups. While the hunter-fisher-gatherer population had an entirely shoreline connected set-
tlement system the Corded Ware people inhabited the areas further away from water bodies. This resulted in
significantly expanded potential space with differing spatial configuration for the incoming agrarian groups,
possibly allowing tolerated immigration. The results also indicate there was a certain overlap of areas considered
suitable habitation by both cultural groups, which might have caused a competition for land.

1. Introduction The goal of this paper is to present a spatial inductive model explo-

ration, quantitative comparison and comparative interpretation of

The tradition of creating inductive locational models of archaeo-
logical sites spans several decades. These are mostly regression models
based on environmental covariates which have been used to search for
areas with a high probability of site occurrence (e.g. Mehrer et al., 2005;
Kvamme et al., 2005; Verhagen and Whitley, 2012). The explanatory
interpretation of model results tends to be limited to the exploration of
individual variables and descriptions of the geographical distribution of
model outputs.

* Corresponding author.
E-mail address: kaarel.sikk@uni.lu (K. Sikk).

https://doi.org/10.1016/j.jasrep.2021.103330

modelling results. The case study is based on Stone Age Narva culture
(NW), Comb Ceramic culture (CWC) and Corded Ware culture (COCW)
in the Estonian area. These cultures represent a timespan of c. 1000
years, with early agrarian society migrating and inhabiting a region with
existing hunter-gatherer cultural groups. The cultures (e.g. Jaanits,
1955; Jaanits et al., 1982; Kriiska, 2000; Lougas et al., 2007; Kriiska
et al., 2017; Kriiska et al., 2020) and their different principles of set-
tlement choice (Sikk et al., 2020a) have been thoroughly studied in the
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region. So far there has been no comparative spatial research of the two
populations.

We used environmental data from combined Narva culture and
Comb Ware culture (NW-CWC) sites and COCW sites. For a region in
northern Estonia we created spatial environmental suitability rasters for
residence and compared them with each other (Whitford, 2019; Vidal-
Cordasco and Nuevo-Lopez, 2021). To provide environmental data for
modelling we used available Holocene relative sea-level (Rosentau et al.,
2013; Muru et al., 2017), geomorphological and soil data and built
palaeo reconstructions of the region for two different time periods.

Landscape surveys for archaeological sites have led to the observa-
tion that locations of sites from certain periods are easier to find than
others. In Estonia, NW-CWC settlement sites have been methodically
found using landscape-based survey tactics while COCW sites are mostly
found “by accident” (e.g. Kriiska, 2000). We can state that archaeolo-
gists’ implicit mind models can predict the locations of NW-CWC sites
but not COCW sites. This provides a strong basis to assume very different
settlement systems that require explanations beyond just the influence
of individual environmental variables.

The models were therefore explored statistically for their variable
contribution and performance. We compared their spatial outputs and
interpreted the differences using existing knowledge of the settlement
patterns for the cultures concerned.

2. Method

Settlement patterns are formed by subsequent habitation events in
different locations. In this paper we generalise these locations as points,
as is typical practice for archaeological locational models. This allows us
to describe settlement patterns as point patterns and their formation as
point processes, mechanisms that produce point patterns. Mathemati-
cally a point process is a stochastic generation of points in space; in the
case of a homogeneous Poisson point process it is determined by in-
tensity A and results in complete spatial randomness. It is obvious that
settlement locations are chosen not as random locations in space but on
the basis of a multitude of conditions perceived by settlers. We can call
this a non-homogeneous point process and in this case the constant in-
tensity A is replaced by a deterministic function A(s), where s is any
spatial variable (typically environmental) or a set of variables.

To describe the underlying laws, a point process model (PPM) can be
constructed and explored. PPMs can be used to characterise point pro-
cesses and also to distinguish between the effects of first- and second-
order properties. The former refers to externally induced global effects
(e.g. environment) on the average intensity of points in certain locations
and the second to systemic effects emerging from the relationship be-
tween the points, or settlements in our case (Bailey and Gatrell, 1995;
Crema et al., 2010). In this study we are interested in how the envi-
ronment influences settlement choice so we can describe it as a het-
erogeneous Poisson process that includes only first-order effects. The
occurrence of the choice event thus remains independent from other
events, taking into account only local environmental conditions.

The empirical data allows us to apply a PPM that describes the hy-
pothetical underlying generating mechanism and makes it possible to
give theoretical descriptions of phenomena. In the current case we
explore how the environment influenced settlement choice and settle-
ment pattern formation. We define the developed PPM as an archaeo-
logical environmental effect model (EEM).

To train our EEM models and output them as habitation suitability
rasters we use MaxEnt, a machine-learning tool for model training
(Phillips et al., 2017b). MaxEnt has been shown (Renner et al., 2015) to
be effective in training PPM models in general and for archaeological
site prediction in particular, with only minor loss of explanatory power
(Yaworsky et al., 2020; Vernon et al., 2020). MaxEnt applies the ex-
pectancies comparison principle and maximum entropy principle to find
distributions of variable values that are predicted as suitable, in the
current case, for habitation (for a detailed explanation see Elith et al.,
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2011; Wachtel et al., 2020). It estimates the role of environmental
covariates in settlement choice, constraining the geographic probability
distribution to be as close as possible to absolute entropy, i.e. spatial
homogeneity in the case of point patterns.

MaxEnt allows the creation of an empirical density estimate which is
converted through a link function (the complementary log-log trans-
form being recommended) into a point process intensity, which is then
interpreted as suitability for habitation in a given location (Vernon et al.,
2020). Probability rasters are then created indicating suitability for
settlement choice in the research area and can be used to explore the
spatial configuration of the effects of environmental suitability.

The approach for exploring environmental effects using an EEM is
almost identical to the practice of archaeological predictive modelling in
terms of environmental covariates and methodology. Because of having
only contemporary environmental data and very sparse information
about links between sites, the most feasible predictive model for pre-
historic archaeology is the first-order PPM.

EEM explicitly describes the influence of the environment on the
settlement pattern formation process. It also enables the study of spatial
characteristics of specific landscapes and environmental determinism as
a distinct analytical category for settlement choice. Some methodology
(e.g. niche overlap and niche breadth measures) for the study of spatial
characteristics has been developed in the field of ecological species
distribution modelling (SDM) and imported to the archaeological
domain through eco-cultural niche modelling (ECNM; Banks et al.,
2006; Banks, 2017; Whitford, 2019). The modelling practices also use
similar data and a similar methodology. For example the MaxEnt toolkit
was originally developed for SDM. SDM is based on species with lesser
complexity in their socio-economic behaviour and technology use, so
their outputs are considered to be almost entirely determined by the
environment.

The purpose of ECNM is to explore the concept of ecological niches; it
enables the identification and analysis of complex relationships between
cultural systems and the niches used. The method includes analysis of
the characteristics of niches as spatial units, including the use of
comparative measures (Whitford, 2019; Vidal-Cordasco and Nuevo-
Lopez, 2021). It is mostly applied on a continental scale (for some recent
regional studies, see Whitford, 2019; Vidal-Cordasco and Nuevo-Lopez,
2021) including non-local variables like climate and brings with it the
more general concept of niche. Niche acts as an ecological container for
species or societies activities. It is not intended to explain experiential
decisions of individual choices which are influenced by local environ-
mental features like elevated sandy patches but also socio-cultural in-
teractions. Those can lead to patterns within a particular niche.
Therefore on a smaller scale, varied socio-economic behaviour may have
a more complex impact on the environmental determinism to choices
that could not be explained through the niche framework.

We create EEMs of hunter-fisher-gatherer (NW-CWC) and agrarian
(COCW) settlement patterns and compare these models (see Section 4
for description). This comparison describes deterministic environmental
features that also lead to spatial differences between the settlement
systems. We explore statistical measures and predictive power of the
models, the effect of individual environmental covariates and the spatial
configuration of the spatially explicit output of the models (Section 5).

3. Archaeological and environmental data

The locational data of this study is based on settlement locations of
three archaeological phenomena: Narva culture (5200-3900 BCE),
Comb Ceramic Culture (3900-1750 BCE) and Corded Ware culture
(2800-2000 BCE) (Kriiska et al., 2020): Fig. 1. The first two groups are
hunter-fisher-gatherers with similar subsistence systems. As it has been
shown that the environmental characteristics of their settlement sites
are virtually indistinguishable (Sikk et al., 2020a) they are grouped
together as NW-CWC. We study and compare the location choice of two
settlement groups: hunter-fisher-gatherer groups (NW-CWC) and
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Fig. 1. Overview of the Stone Age archaeological sites used in this research (for detailed site distribution maps see Sikk et al 2020). The spatially explicit model was
created based on the area in northern Estonia (surrounded by red boundaries). (For interpretation of the references to colour in this figure legend, the reader is

referred to the web version of this article.)

agrarian groups (COCW).

The sites of the phenomena can be distinguished by their use of
pottery which also helps to filter out temporary work sites that might not
indicate habitation. NW, the first in the region to use pottery, was a
hunter-fisher-gatherer subsistence culture with a likely dominant
aquatic economy (e.g. Kriiska et al., 2017; Oras et al., 2017). There is
believed to have been cultural and genetic continuity from the first in-
habitants arriving in Estonia about 9000 cal. BC (e.g. Jaanits et al., 1970;
Mittnik et al., 2018; Kriiska et al., 2020). The settlements are situated
close to water, on islands, lake shores, river deltas and the beaches of
marine lagoons (Sikk et al., 2020a and the literature cited therein).

A similar pattern was used by the hunter-fisher-gatherer subsistence
CWC peoples who arrived with a migration from the east (e.g. Jaanits
et al.,, 1982; Saag et al., 2017). Settlement location choice was very
similar but the larger area contained several specialised and central sites
(Kriiska et al., 2020).

COCW developed in Central Europe as a result of immigration from
eastern steppe regions of Eastern Europe and also dispersed to Estonia as
a result of immigration (Allentoft et al., 2015; Haak et al., 2015; Saag
et al.,, 2017; Saag et al., 2021). The immigration took place at a time
when CWC was also present in Estonia, resulting in simultaneous
habitation (Kriiska et al., 2020). In considered territory COCW was an
agrarian or semi-agrarian society (Kriiska, 2000; Lougas et al., 2007)
and despite offering no indication of a new level of social organisation
and complexity, it had a very different settlement pattern and settlement
choice principles (Sikk et al., 2020a). Its inhabitants built their settle-
ments on the north Estonian klint edge, river floodplains, ancient coastal
formations in the Baltic Sea region and small drumlins on the lowlands
near Vortsjarv. While hunter-fisher-gatherer sites have been only found
in close proximity to water bodies (Sikk et al., 2020a), COCW sites are
also situated further away. There are several cases of COCW people
reusing previous hunter-fisher-gatherer sites if the shorelines had
receded from the region.

The empirical data informing us about past settlement choices is
derived from environmental conditions in the known settlement sites of
the two groups. The previously published dataset of Stone Age settle-
ment sites in Estonia (Sikk et al., 2020b) is used as a source of site

locations and two groups are selected from the data. There are 99 NW-
CWC and 67 COCW settlement locations. The settlements and back-
ground environmental locations (n = 10,000) used for model training
were chosen from the whole area of Estonia. The background locations
were chosen using spatially structured sampling representing subregions
with known archaeological sites to avoid model overfitting (Anderson
and Raza, 2010).

Each location (sites and background) was associated with environ-
mental data representing environmental influence on settlement choice.
The variables used generally belong to three interrelated categories:
distance to water, geomorphology and soil. Distance to water was
divided into distances to sea, lakes and rivers. The second group consists
of various variables describing location’s position in relation to land-
forms. Examples include slope, topographic wetness index, which
quantifies locations control of hydrological processes; and topographic
position index (TPI_100) which quantifies locations relative elevation in
comparison to its surroundings. Third group includes various charac-
teristics of soil including its standard classification, wetness, texture and
sandiness (for more details see Sikk et al., 2020a, (Kmoch et al., 2021).
Individual variables were chosen based on previous statistical analysis
(Sikk et al., 2020a) and during the model building process (see 4.3).

Because the goal of the model is to explain the influence of the
natural environment on settlement choice, only variables representing
abiotic, non-constructed and non-cultural characteristics were used,
omitting any possible human-made environmental features like roads or
fields. It should be said that soil data could be influenced by agricultural
practices, but for this reason we experimented with a large set of soil
variables published by (Kmoch et al., 2021). Digital elevation rasters (5
m resolution) provided by the (Estonian Land Board, 2019) and soil data
were acquired for regions with settlement locations and the area of the
spatial model output. The digital elevation models (DEMs) were used to
create palaeo reconstructions of two distinct moments in time: 3900
BCE, used for NW-CWC settlement reconstruction, and 2500 BCE, used
for COCW settlement reconstruction.

Based on the current DEMs, palaeo reconstructions of the past
topography and shoreline were created and distance to the sea calcu-
lated as a separate raster layer. The palaeogeographical reconstructions
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for the time slices 3900 BCE and 2500 BCE are based on the GIS
approach (Rosentau et al., 2011), with the palaeo-sea-level surfaces
being subtracted from the 5x5m LiDAR-DTM (Estonian Land Board,
2019). Initial palaeo-sea-level surfaces were interpolated using a point
kriging approach from the database of coastal formations (Saarse et al.,
2003) for the Litorina Sea (5500 BCE) and for the modern Baltic Sea
(1892-1991 CE) based on sea-level measurements and geodetic data
(Ekman, 1996). These were used as reference surfaces, and two new
time slices for 3900 BCE and 2500 BCE were interpolated between the
reference surfaces considering a linear decay in shoreline tilting and
average relative sea levels taken from the shore displacement curves for
the Tallinn (Muru et al., 2017) and Narva-Luga areas (Rosentau et al.,
2013). For the Tallinn area, the cultural layer thicknesses were also
subtracted from the DTM based on data by (Arbeiter, 1993).

The geomorphological layers of the past were derived from DEMs
and known water level changes using SAGA GIS 7 (Conrad et al., 2015).
For this two spatially explicit residential potential rasters were created
for the coastal region of north-eastern Estonia (Fig. 1). The region was
chosen because of its general suitability for habitation during both pe-
riods as it has several known subregions with existing sites. Most of the
study area is unexplored for archaeological sites, potentially raising the
possibility of subsequent model validation using landscape surveys.

4. Modelling methods
4.1. Toolkit for training inductive point process model

We used the MaxEnt program with the “SDMTune” model tuning
library (Vignali et al., 2020) written in R. SDMTune was used as it
provides all the tools needed to run a complete modelling workflow,
which in this case included data management for training, testing and
validation, data-driven variable selection, model parameter tuning,
validation and generation of raster maps of models (Fig. 2).

4.2. Variable selection

One of the significant statistical problems in combined archaeolog-
ical and environmental data is the collinearity of the predictor variables
which can introduce bias into models (Peterson et al., 2011). There is
high potential for correlation between environmental variables, espe-
cially as geomorphological data is derived from digital elevation models.
It is also known that geomorphological variables correlate with soils
which are formed as processes influenced by local topographies (Moore
et al., 1993). We therefore needed to reduce the statistical collinearity
(ridged correlation) between the environmental variables (Fig. 3).

The initial model was created using a set of existing predictor vari-
ables (see Table 1); redundant variables were removed while building
the model. The data-driven variable selection process was executed
using the varSel function implemented in the “SDMTune” library. The
function iterates all the variables in the order of maxent percent
contribution. If the variable is found to have high Pearson correlation
coefficient (R2) with any others a jackknife test is run and one of the
variables is removed based on the model performance. The algorithm is
iterated until highly correlated variables have been removed (R2 > 7).

/ \ | Environment Data driven
| Data |~ baseddata
\ /| reduction

\__|Model | |Parameter || variable || Model || Results
training || tuning selaction validation

Cross-validation
S

Fig. 2. Workflow diagram used for the modelling process with SDMTune li-
brary, based on (Vignali et al., 2020).
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Fig. 3. Correlation matrix of the predictor variables of the background points
used for initial data evaluation.

To account for model simplicity, variables not contributing to model
performance were also removed using the SDMTune importance-based
variable reduction function reduceVar (with threshold value of 1).
Some variables which were highly correlated with others and led to
lower model performance were also removed manually.

Several candidate models were then evaluated and the model with
the best performance was selected. We preferred a model with more
general soil categories (WRB main classification) as variables with high
numbers of categories led to model overfitting. The resulting set of
variables for the models were different for the NW-CWC and COCW
groups but both models still included significant variables from all three
main variable classes: distance to water, geomorphology and soil
(Table 1).

The separation of distances to water by water body types increased
model performance. All distances were also included as logarithms of
the values, which better reflected intuitive understanding of proximity
to water and also significantly increased model performance.

We also experimented with variables based on aggregates of larger
regions (soil patches) provided by (Kmoch et al., 2021), but only
LS_FACTOR provided significant input to the model. We also tested
topographic position index with different ranges (10 m, 50 m, 100 m,
300 m, 1000 m) and based on this chose decided to include only the
variable with 100 m range.

4.3. Model hyperparameters and performance and validation

MaxEnt models can be tweaked using several model “hyper-
parameters” which influence model output. These are the regularisation
multiplier and number of iterations while training the model and five
feature classes (linear, quadratic, product, hinge and threshold) that can
be used in combination (for functional overview see (Morales et al.,
2017). The default setup is to use all the feature classes and a regular-
isation multiplier of 1. To find the hyperparameter set with the best
performance while avoiding overfitting we ran the SDMTune function
optimizeModel (Vignali et al., 2020). The function uses an evolutionary
algorithm to search for the hyperparameter configuration that returns
the best metric for prediction. The model configurations for NW-CWC
and COCW are displayed in Table 2.

The model data was divided into three groups: training, validation
and test datasets each having more than 3000 items. All the modelling
steps were evaluated with a cross-validation procedure using training
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Table 1

Variables used for modelling with permutation importance in the final models.
These values are indicated for the variables that were considered important for
describing settlement location choice and included in the final models.

Variable Name Permutation Permutation
importance (NW- importance
CWC) (CoCw)
DISTRIVER Distance to river (log) 38.40 17.2
DISTSEA Distance to sea (log) 26.60 9.9
DISTLAKE Distance to lake (log) 7.40 19.5
WRB_MAIN WRB soil class 7.40 19.5
WEXPO Wind exposition 7.10 8.3
VRUG Vector ruggedness 6.20 11
index
LS_MEAN LS factor (mean of the 2.70
patch)
TWI Topographic wetness 2.20
index
AWC1 Available water 1.40 4.4
capacity
C_INDEX Convergence index 0.60 0.5
LS_MEDIAN LS factor (median of 8.7
the patch)
SLOPE Slope 0.6
EAST Eastness (aspect) 0.3
ROCK1 Rockiness (%)
SOC1 Soil organic matter
BD1 Bulk density
CLAY1 Clay % in soil

DISTSTWATER  Distance to sea or
lake (log)

K1 saturated hydraulic
conductivity

LS_STDEV LS factor (stdev of the
patch)

NORTH Northness (aspect)

SAND1 Sand % in soil

SILT1 Silt % in soil
TPI_100 Topographic position
index (100 m range)
Terrain ruggedness
index (mean of the
patch)

Terrain ruggedness
index (median of the
patch)

Terrain ruggedness
index (stdev of the
patch)

Topographic wetness
index (mean of the
patch)

Topographic wetness
index (median of the
patch)

Topographic wetness
index (stdev of the
patch)

TRI_.MEAN

TRI_MEDIAN

TRI_STDEV

TWI_MEAN

TWI_MEDIAN

TWISTDEV

Table 2
Model configuration hyperparameters used and resulting binary classification
threshold values.

Model Regularisation Feature Iterations  Thresholds
parameter classes
NW- 1.8 linear, hinge 500 0.09
CwcC
CoCcw 2.6 linear, hinge 500 0.21

and validation subsets with 500 iterations. The final model was then
evaluated using receiver-operator curves (ROC) and summarised with
the AUC (area under the ROC curve) (Merow et al., 2013), which is
standard practice for both archaeological predictive models and
ecological niche models (Fig. 6).
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Fig. 4. Marginal response curves for NW-CWC variables.

4.4. Spatial output

We generate a high-resolution raster map of the suitability of the
environment for settling. The spatial output is in the 0 to 1 range as a
relative probability raster, with 1 indicating highest suitability. The
spatially explicit output is generated for a selected region in northern
Estonia only (Fig. 1, red rectangle) to benefit the high-resolution study.
Raster models of the area were created based on predictor variables for
corresponding site groups using complementary log-log link (cloglog;
Phillips et al., 2017a) transformation for model prediction. The process
resulted in spatially explicit probability rasters with different spatial
configurations (Fig. 7). For this study the general suitable area and niche
overlap values were computed (see 5.2).
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(lower) models.

5. Model results
5.1. Variables and their contribution

The contribution of individual environmental variables was
measured using the permutation importance metric (Table 1). This as-
sesses the importance of variables by shuffling values and calculating
resulting model performance loss. We also explored marginal response
curves (Figs. 4, 5) for variables, created by holding all other covariates at
their zero-centred means and predicting the density with a MaxEnt PPM
using all the data. The results were converted into a relative probability
(Vernon et al., 2020) using the complementary log-log transform (clo-
glog) (Baddeley et al., 2010; Phillips et al. 2017a). Marginal response
indicates how potential suitability responds to changes in variables.
Variable importance values together with variable response curves
informed us about the variable values that determine suitability for
habitation (Phillips et al., 2006; Phillips and Dudik, 2008).

It should be emphasised that the impact of variables does not imply
direct causation as the same effect could potentially be expressed
through a combination of other variables. The relationship between
environmental variables and human choices is complex. For example
combined slope and (modified) topographic and soil attributes are
known to correlate with vegetation (Moore et al., 1993). So it is not
always clear whether the landscape form itself is more important for
humans or the vegetation or abiotic resources available in specific pla-
ces. Although a causal link cannot be directly inferred from these
measures, they still give insights into the first-order effects behind the
point process and also model performance.

Metrics confirmed previous knowledge (e.g. Moora et al., 1935;
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Jussila and Kriiska, 2004; Sikk et al., 2020a) that hunter-gatherer set-
tlement choice (NW-CWC group) was largely determined by proximity
to water; closeness to rivers was the most important factor, making river
deltas particularly sought-after places. Soil type at the location and
various geomorphological variables had a slight effect. These include
wind exposition, which might be an indirect factor, as it is likely that the
windiness of the location was not a priority. It might describe the effect
of higher, dry locations on the shoreline, which tend to be north- and
east-facing and more exposed to wind.

For the COCW settlement this effect of proximity to water was
significantly smaller, although proximity to rivers was still important.
Geomorphological (wind exposition, slope, median of slope length and
steepness factor) and soil (soil type, available water capacity) variables
were more important. These variables describe higher, flat, less rugged
locations with slopes nearby. The soils indicated as suitable by the model
are podzols, regosols and retisols. The model therefore includes klint
edges in northern Estonia and river floodplains, both of which have been
associated with early agriculture. Previous coastal formations known
from empirical data can also be included in the model. The difference in
variable importance clearly illustrates the expected shift from shoreline-
connected hunter-fisher-gatherer subsistence to an agrarian culture.

The exclusion of topographic position index and the minor influence
of topographic wetness index contradicts causal thinking because it is
known that dry locations were preferable as habitation sites. Previous
research using the same data also showed that this variable on its own
had a significant effect on settlement choice (Sikk et al., 2020a). In the
modelling process the choice was better described using other correlated
variables.

5.2. Predictability

The MaxEnt toolkit provides tools to evaluate models’ predictive
performance with receiver-operator curves (ROC), which we summar-
ised here with the AUC illustrating the relationship between true and
false positive prediction rates (Phillips et al., 2006; Merow et al., 2013).
The AUC values were calculated using both training and test datasets.

The statistic quantitatively indicated that model performance could
be one of the reasons behind the existing observation that COCW site
locations are harder to predict based on current knowledge than NW-
CWC sites. During the model development all the model pairs had
NW-CWC models with significantly higher AUC values than COCW
models. Although the AUC score for the final COCW model was
reasonably good it still indicated lower predictive performance (Fig. 6).

5.3. Statistical metrics

To compare the suitability models we calculated two measures: the
total suitable area and niche overlap using the MaxEnt toolkit. The
general area indicates the region that could have been considered suit-
able during the periods’ eco-cultural systems. It was calculated by
converting the general raster model outputs into binary form, indicating
suitable and unsuitable pixels using thresholds (see Liu et al., 2013)
provided by the MaxEnt system. The suitable pixels were then added
together, resulting in a total suitable total area of 100.16 km? for NW-
CWC and 1201.06 km? for COCW. This indicates an area about ten
times larger that our model considered suitable to agrarian COCW
groups in comparison to hunter-fisher-gatherer NW-CWC groups. These
areas can not be taken as absolutes as the area of predicted presence is
strongly affected by grain size, but they are sufficient for comparing
models of identical environments.

Niche overlap helps to measure the degree of geographical similarity
of the two model predictions. We used the I statistic (Warren et al.,
2008) provided by the MaxEnt toolkit which reports values between
0 and 1, with 0 indicating no niche overlap and 1 indicating total niche
overlap. The I statistic value for the NW-CWC and COCW models was
0.331, which indicates minor to moderate overlap between suitable
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areas.

5.4. Spatial structure

Spatially explicit environmental suitability rasters indicate a signif-
icant difference between general suitable environmental areas for
hunter-fisher-gatherer NW-CWC and agrarian COCW (see Fig. 7). While
NW-CWC settlement choice is restricted to areas on the seashore and
close to riverbanks, COCW settlement choice is free of this restriction,

giving a tenfold increase in potential residential areas.

The model indicates that riverbanks and areas near sea and lakes
were considered suitable by both settlement groups. For COCW, the
suitability of regions close to water bodies was more variable and sig-
nificant areas inland were also considered as suitable environments. As a
result the spatial configuration of the suitable residential area was more
homogeneous and the total potential residential area was much larger.

It can also be observed that the probability distributions for site
presences are different. The NW-CWC model results in a more clear-cut
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distinction between higher and lower probability areas. For the NW-
CWC model the areas can be separated into low and very high proba-
bility habitation, whereas the COCW model has a significant number of
in-between areas.

6. Discussion and conclusion
6.1. Changing landscape

Our results confirm knowledge retrieved by fieldwork and univariate
statistics (Sikk et al., 2020a) about the suitable environmental condi-
tions for habitation. The results were extended by spatially explicit
suitability models which led to an overview of potential habitation zones
in general. It indicated a significant expansion of usable areas for COCW
compared with NW-CWC. The larger area available for early agrarian
societies could have made tolerated immigration (as previously pro-
posed by Kriiska, 2019) possible as the newcomers could inhabit pre-
viously actively uninhabited areas. The new type of settlement system
resulting from the migration of agrarian societies probably created new
patterns of trade and social connections.

Despite new potentially habitable areas there was also a significant
overlap of highly suitable areas close to rivers. The overlap of used
residential regions is not only theoretical but can also be observed in
archaeological material, for example in the Narva region, where both
NW-CWC and COCW settlements were close to the Narva river mouth,
although not contemporaneously (Kriiska et al., 2016). The overlap
implies that there could have been competition for certain areas be-
tween contemporaneous hunter-gatherers and early agrarian societies.
In most cases COCW settlements followed previous hunter-gatherer
habitation (e.g. Kriiska and Nordqvist, 2012, Fig. 10), indicating
expansion.

It is also possible that the overlap was only potential and did not
result in competition. COCW sites in river flood meadows made river-
banks attractive to farmers, who only used them in certain regions,
which is universally reflected in models. There could have also been an
exchange resulting in COCW pottery being brought to CWC sites which
ultimately led to possible misclassification of some of the hunter-fisher-
gatherer sites as COCW sites.

6.2. Model predictability

Similarly to archaeologists’ observations, the study revealed that
COCW models do not predict settlement site locations as well as NW-
CWC models. From the perspective of fieldwork, lower predictability
could be an indication of larger suitable areas, as also shown by the
model comparison. But the lower model performance suggested that
another explanation is needed.

Various systemic effects on the predictive performance of inductive
models have long been discussed. For example (Ebert and Kohler, 1988)
have argued in the context of forager studies that spatial heterogeneity,
temporal expectedness and economic intensification influence settle-
ment location predictability. Below we discuss three possible reasons for
differing modelling performance.

6.3. Mixing settlement choice modes in one model

It is known that early agrarian sites used locations with varied
environmental conditions, for example on the klint in northern Estonia
and on river flood meadows in southern Estonia. The COCW model
unified these different modes into one model. Furthermore, COCW
habitations encompassed areas usable for agricultural land but also lo-
cations suitable for hunter-fisher-gatherers, sometimes even reusing
their sites on sandy patches on the lake shoreline and riverbanks. This
might be an indication of a more complex environmental effect
including different site functions and available environment.

It is possible that the COCW settlement pattern contains two or more
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settlement choice modes occupying different spaces. For example one
could be similar to hunter-fisher-gatherer mode and another to agrarian
mode. Two distinct modes addressed through a single PPM could
significantly lower model performance. Similar situations could arise if
NW-CWC sites are misidentified as COCW sites because of pottery ex-
change, as proposed above (for effects of misidentification see e.g. Costa
et al., 2015).

The related possible effect of temporal predictability of the model is
currently not observable in archaeological data. COCW use of both
agricultural lands and riverbanks and shorelines might indicate a
different seasonal mode for COCW settlement which needs to be studied
further. Different mobility modes also influence settlement patterns but
a simulation study of foragers (Sikk and Caruso, 2020) has shown that
mobility driven by the same resources does not significantly influence
settlement location choice.

6.4. Effects of spatial configuration

It is also known that both niche breadth and the spatial structure of
the environment influence the predictive power of models. In a dedi-
cated study evaluating the predictive power of species distribution
models (Connor et al., 2018) it was shown that model accuracy signif-
icantly deteriorated for homogeneous environments with a grain-size
increase in observations, which is natural to archaeology. The results
indicate that habitat specialists were more accurately modelled than
generalist species. We can presume a similar situation for human cul-
tures as a diversified economy provides generalist spatial features.

(Ebert and Kohler, 1988) suggest that spatial heterogeneity or
patchiness of the attractions required for settlement determines the ef-
fects of site location. The more evenly distributed such attractions are on
the landscape, the more determined and thus predictable settlement
locations are. This effect can potentially explain the difference between
NW-CWC and COCW patterns, as NW-CWC settlements are restricted by
water bodies and thus have very specific regions which are suitable for
habitation, while COCW settlements are not restricted in a similar way.
The EEM then indicates that COCW inhabitants had a very different
perception of the landscape which made it possible to extend the po-
tential residential area inland. Agrarian perspective transformed the
perception of the landscape, giving it a more homogeneous spatial
configuration with large areas of almost equally suitable locations for
living. This can at least partly explain the lesser predictive power of the
model.

6.5. Socio-economic organisation

In addition to eco-spatial principles, social factors, which can be
considered second-order properties of a point process, can introduce
spatial autocorrelation to the system and influence the predictability of
site locations. The general question regarding this issue is: what pro-
portion of human behaviour is immediate and based on perception (can
be explained by proximity arguments) and what proportion is system-
atically organised? (Ebert and Kohler, 1988). Intensification of hunter-
gatherer economy and movement towards agricultural economic mode
has been associated with increased population, increased packing,
decreased residential mobility, increased storage and production of
storable food resources. This kind of intensification has been considered
to improve the predictability of settlement site locations (Ebert and
Kohler, 1988).

The increased predictability of NW-CWC settlement may suggest that
they were undergoing economic intensification but that COCW were
not, despite their agrarian subsistence. It might be possible that COCW
brought with them agrarian culture developed elsewhere but immi-
grating groups did not have social properties associated with
intensification.

It has also been hypothesised that as social complexity grows, set-
tlement choice is determined less by environmental factors and more by
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social factors (Altschul, 1988; Kvamme et al., 2005), which are less
observable in archaeological records. The reason for this is twofold:
firstly horizontal — more socially complex societies have diverse eco-
nomic activities which can result in a multitude of different residential
sites which follow different location choice principles and might be hard
to isolate (see Section 6.3). Secondly, social complexity leads to a ver-
tical, hierarchical structure, which also has an impact on the spatial
structure of settlement patterns. (Altschul, 1988) argues that increased
social complexities also led to development on different, central or
“magnetic” sites which stood out from the general picture.

The known pattern of COCW settlement in the region contradicts the
social complexity hypothesis, as central sites are known for the period;
such sites are only known for the subsequent Bronze Age period.
Archaeological material also contradicts social complexity, as monu-
mental burial sites and most outstanding prestige items were introduced
later, during the Bronze Age.

6.6. Conclusion

This study mostly confirmed previous knowledge of settlement
choice principles. It explicitly indicated the geographical difference
between suitable residential spaces available for hunter-gatherer NW-
CWC and early agrarian COCW cultures, which might explain the con-
flictless immigration process. Potential residential regions have a certain
overlap that can be further studied to explore the dynamic relations,
including possible spatial competition, between hunter-gatherers and
COCW during the general conversion to agrarian mode.

The created models provide robustly different performance measures
which can be explained by mutually non-exclusive spatial and eco-social
effects. These include hypothetical effects influencing systemic envi-
ronmental determinism, such as spatial configuration of suitable spaces
and economic intensification and diversity, which can be addressed by
further quantitative modelling and simulation studies.
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