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Abstract

Like other social animals and biological systems, human groups constantly exchange
information. Network models provide a way of quantifying this process by representing
the pathways of information propagation between individuals. Existing approaches to
studying these networks largely hypothesize network formation to be a result of cogni-
tive biases and choices about who to connect to. Observational data suggests, however,
that physical proximity plays a major role in shaping the formation of communication net-
works in human groups. Here we report results from a series of agent-based simula-
tions in which agents move around at random in a bounded 2D space and connect while
within range. Comparing the results to a non-spatial model, we show how including spa-
tial constraints impacts our predictions of network structure: range model networks are
more clustered, with slightly higher degree, higher average shortest path length, a lower
number of connected components and a higher small-world index. We find two impor-
tant drivers of network structure in range model networks: communication range relative
to environment size, and population density. These results show that neglecting spa-

tial constraints in models of network formation makes a difference for predicted network
structures. Our simulation model quantifies this part of the process of network formation,
realized by simply situating individuals in an environment. The model also provides a tool
to include spatial constraints in other models of human network generation, as well as
dynamic models of network formation more generally.

Author summary

Much like neuroscientists require a solid understanding of the connections between each
neuron in order to understand cognition, we need a solid understanding of communi-
cation pathways between individuals in order to understand the collective intelligence
of groups. One major difference from brains is that individuals can move around in an
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environment, constantly changing communication networks. We simulated this dynamic
effect of movement in an environment on network structure, by simulating a population
of agents moving around in a 2D coordinate space and forming temporary connections
while within a specified range. These simulations allowed us to understand the formation
of networks under different spatial circumstances, quantifying the impact of commu-
nication range, population size and environment size on the properties of the resulting
networks. This allows to us understand part of human networks without assuming indi-
vidual connection preferences, focusing instead on the basic fact that people exist and
communicate in an environment.

1. Introduction

Like other group-living animals and like other biological systems such as brains, human pop-
ulations form collections of individual components that exchange information. Network
models can mathematically represent the pathways along which this information is transmit-
ted between individuals. Networks (sometimes called graphs) are mathematical representa-
tions of relationships (links or edges) between individual objects (nodes or vertices). The way
in which nodes are connected is called network structure. Differences in network structure
and properties in human groups have been shown to correlate with differences in outcomes
of collective processes such as information diffusion, collective intelligence, and cultural evo-
lution [1-7] (although not the main focus of the current paper, we discuss some examples of
these results below; for excellent reviews, see [8,9].

Where this body of research investigates mostly static network structures selected by
researchers, other work has studied the shape and drivers of networks in real human groups.
One category of hypotheses suggests network structure to be a result of rules of individual
cognition: following preferences, biases, or strategies, individuals select others to connect to.
Social science research, for example, has identified many consistent patterns in human social
networks, including the tendency for people to have social ties with others that have char-
acteristics in common with them (homophily), and of well-connected individuals to accrue
disproportionately more connections over time [10,11]. Experiments that allow for partici-
pants to change network ties have found a tendency to connect to the highest-scoring partic-
ipant in a task setting [12-14]. Fieldwork and experiments in cultural evolution have studied
“model-based biases” by which human and nonhuman animals select others to socially learn
from, such as the preference to copy from higher-ranked individuals found in some primates
[15-19]. Our intention here is not to give an exhaustive overview of such forces. Rather, it is
to contrast these contributions to network structure of individual preferences, to the contri-
bution of other types of forces. In order for individual preferences to fully explain network
structure, each individual needs to be able to choose from the complete population; yet there
are social [20-26] as well as physical reasons [27-29] why the pool of individuals to choose
from is ‘pre-selected’ by circumstances. In this paper, we are interested in isolating the effect
of these physical reasons: because individuals exist and move in an environment, and because
communication takes place on physical media that have limited effective ranges, physical
constraints pre-select the network structures that are possible.

Observational data suggests an important role for physical proximity in the shape of
human social and communication networks [27-29]. Even in data from online social media
and mobile communication, where distance would seem intuitively to be less of a constraint,
networks are shaped significantly by geography and existing real-world social ties [30-33].
In this paper, results are reported from a series of agent-based simulations designed to study
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the question: how does including physicial proximity and limited communication range in

a model impact our predictions of network structure? In our model, agents randomly move
through a bounded 2D coordinate space and connect to others only while within a specified
range. The resulting network structures represent the physically possible interactions that
agents can choose from, set by physical constaints. These networks are compared to results
from a non-spatial model, without positions and movement, in which agents connect and dis-
connect at random. Like a recent model by Chimento and Farine [34], the model simulates
the impact of movement through a 2D space on network structure and information transmis-
sion. In their paper, statistics of dynamic networks are compared to properties of cumulative
interaction graphs (static networks composed of interactions combined over time), show-

ing differences in network structure predictions. Our results include dynamic graph statis-
tics only. Unlike their model, in which population size and range stay constant, we consider
the complete meaningful parameter space of communication range and population density,
mapping the influence of these parameters on 6 network structure measures, from N discon-
nected components to fully connected networks. Our model is also like a cellular automata
model by Vining and colleagues [35] where agents move randomly through a 2D space and
connect within range, though they focus on the impact of spatial constraints on performance
on a consensus task, rather than network structure outputs.

We find that introducing location, random movement and ranged communication intro-
duces much more clustered networks, with slightly higher degree, higher average shortest
path length, a lower number of connected components and a higher small-world index than
a dynamic non-spatial model. All of these differences are more extreme when range is low.
Our model shows how simply locating individuals in an environment changes our predictions
of the network structures that can form, and provides a tool for including spatial constraints
in models of network formation. The consequences of these network structure differences are
highlighted by several types of information transmission which we include in the simulations,
replicating known effects of network structure on these processes.

2. Materials and methods
2.1. Model

2.1.1. Random movement and the range rule. In agent-based models, each of a popu-
lation of agents follows an update rule every timestep. In this model, the model parameters
are N, g and r. N is the population size, g is the grid size such that g X g is the area of the coor-
dinate space, and r is agent communication range. N agents are initialized and assigned a
unique random coordinate value (x,y) within the g x g grid.

Each timestep, every agent (1) moves, (2) connects, and (3) disconnects. To move, an agent
chooses from a uniformly random distribution of its adjacent integer coordinates, including
its current location. To keep agents within the bounded space and to prevent agents sharing
the same position, adjacent coordinates with values below 0 or exceeding g, or currently occu-
pied by other agents, are excluded from the random selection of a new position. If all adjacent
coordinates are out-of-bounds or occupied, the agent remains in the current position.

To connect, after moving, each agent creates an undirected network link with all other
agents that are currently in range. Range is calculated as Euclidean distance in the coordi-
nate space, rounded to integer values for x and y. Euclidean distance uses the Pythagorean
theorem that for right-angled triangles, ¢* = a> + b* (where a and b are the base and altitude,
and ¢ the hypothenuse of the triangle). Agent i checks whether agent j is in range by putting
the difference in coordinates x; - x; and y; - y; as a and b, and calculating the distance to j as
¢80 r=1/(x - x;)2 + (y; - yi)?. If the result is less than or equal to the value of , agent j is
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within range. Finally, to disconnect, the agent deletes any links with agents that are no longer
in range. The order in which agents are updated is randomized each timestep. Fig 1 shows the
initialization and first timestep of a possible model run schematically.

A note on model ontology. For purposes of clear understanding, our model is intention-
ally very simple, varying only three parameters. One consequence is that the model is very
generally applicable. Agents can be any group of moving components that make any type of
proximity-constrained connection. One possible interpretation this leaves open is the 2D grid
as an abstract problem space, in which agents explore adjacent solutions (such as in [36-38]).
Similarly, the space could be seen as an attribute or trait space, in which agents are “proxi-
mate” when they have similar atttributes (akin to [39]). Though these are possible uses, the
intended application is to represent the network of possible interaction partners available
for individuals to choose from, as constrained by their embededness in a spatial environ-
ment, their ability to move in that environment, and the physical properties of communica-
tion. Nonhuman animals employ various communication media such as chemical, visual, tac-
tile, and seismic signals, while humans additionally use technologies ranging from conversa-
tions to the Internet [30,40,41]. Each of these media has an effective range, that interacts with
movement and position in an environment to constrain the possible networks of interactions
between individuals. Though the intended application is human networks, this general inter-
pretability is part of the point: we aim to model properties that human groups have in so far as
they are also physical communication systems. We hope that as a consequence, our findings
our also useful for nonhuman applications such as inferring interaction networks from animal
movement and location data, and programming communication networks in swarm robotics
based on relative positions alone [42,43].

2.1.2. Null model. The intention of the simulations reported in this paper is to demon-
strate the work being done by spatial constraints in network formation. In order to do so, the
results are compared to a non-spatial model. In the non-spatial model, each timestep agents
simply connect to each other agent with probability P(connect) which is set globally as the
same for all agents. In order to compare this model’s outputs to that of the range model, N can
be set to the same value or varied in the same range of values, while P(connect) corresponds

T=0. Initialize positions. Connect when in range (r=1) T=1. Move and reconnect

(23] 3,3] [43]

(1211221 E— [1:212,2] — 14,21
(491

10,01 [0,0] [0,6]

Fig 1. Demonstration of a possible initialization and timestep in the model for N = 4, r = 1, g = 4. Agents are randomly assigned a unique (x,y) coordinate. The
coordinate space is graphically represented here as a grid(left), and agents are shown with their coordinate values. At every timestep, every agent follows the range
rule: if the Euclidean distance between the agents is less than or equal to 7, a link is created between them. Thus, from the initial position shown on the grid, the
graph shown in the middle of the figure is formed. At the start of the next timestep, agents move at random and follow the range rule again. When previously in
range agents are now out of range, the link is cut. Hence, from every agent performing random movement and following the range rule, a new network is formed.

https://doi.org/10.1371/journal.pcsy.0000051.9001
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to r. Like r, the P(connect) parameter can be varied through its whole meaningful range of
values, from isolated agents to fully connected networks. A connection probability of 0 will
mean N unconnected agents, while a probability of 1 will always create fully connected net-
works. The parameter g has no equivalent in the non-spatial model and there are no coordi-
nates assigned to agents. Finally, in order to make the non-spatial model a dynamic process

as well, a random disconnect chance is included, which is set to 1-P(connect). This way, the
probabilities of connecting and disconnecting mirror those of the range model, as the area not
covered by an agent’s range is equal to the inverse of the area covered (for a calculation of con-
nection probability under random movement and ranged communication in an unbounded
space, see [35]).

2.2. Sensitivity analysis setup

Simulations consisted of several sensitivity analyses. In each such analysis, one of the model’s
three input parameters N,g,r was chosen to vary while the others remained constant. For each
integer value of the varying input parameter, both the range and the null model ran for 100
rounds of 100 timesteps, where at each timestep, all agents were updated in a random order
and output measures were collected.

For the first set of analyses, range was varied between r = 0 and r = 10 while N was kept at
constant values, varying between tests from N = 1 to N = 100 (see Fig 2 for results for N = 20;
see S2 Appendix, S2 Fig and S3 Fig for, 40, 60, and 80). Varying range up to r = g ensures that
in terms of network structure, the complete meaningful range of r-values is tested. At r =0,
no agents are connected; at r > g, where the diameter of each agent’s range covers the whole
length of the coordinate grid, networks are always fully connected. In the null model, the con-
nection probability parameter P(connect) was varied between 0 and 1 with intervals of 0.1,
similarly ensuring that the simulations start at disconnected agents and end at fully connected

networks.

In the second set of analyses, in each test N in both the range and the null model was var-
ied between 1 and 49, while ¢ = 7 and r varied at constant values between tests, from 0to 7. N
varies up to 49 because when g = 7 there are 7 *|,7 = 49 unique positions in the environment.
Since agents avoid sharing the same position, as N increases towards g X g, the space becomes
increasingly “crowded” until it is completely saturated and agents remain in place, each in a
unique position. For this parameter, then, the meaningful range is determined by population
density N/(gXx g), varying between 1/49 at N = 1 and 49/49 = 1 at N = 49. Since it lacks spa-
tial positions, the null model (or any other nonspatial model) has no analog to g. We therefore
show results here only for varying N; for varying g, see the S3 Appendix and S4 Fig. In the null
model, N was varied over the same values while P(connect) was set to r/g. This way the null
model mimics the connection probability of the range model, in which an agent’s probability

to connect is proportional to the range relative to the environment size. Table 1 summarizes
the model parameters and the ranges in which they were tested.

2.3. Output measures

Each timestep, 6 network properties were calculated in both models. The network proper-

ties calculated are average degree, clustering coeflicient, average shortest path length, num-
ber of connected components, size of largest component, and small-world index. Here, we
briefly explain how these metrics are calculated, motivate why we include them, and what
they can show about the properties of a network. We chose measures that give a clear general
overview of network structure. Since the model attempts to capture pathways for informa-
tion transmission, we focus on macro-level properties that are known to have relevant impacts
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Table 1. Overview of model parameters and ranges tested.

Model |Parameter Symbol Explanation Values Tested Constant parameter
values
Range Communication  |r When the Euclidean [(0,10) N=10,g=10
range distance between

agentsiandj <r,
create link ij.

Range Population size N Number of agents. (1,49),60,80,100 r=2,g =7 (for 1,49),
¢ =10 (for 60, 80 and
100)
Range Grid size g Defines the coor- (1,50) r=2,N=10
dinate space
gXg.
Null Connection P(connect) Probability of con- (0,1) (increments of [N = (1,49),60, 80,100
probability necting to each other |0.1)
agent each timestep.
Null Disconnect P(disconnect) Probability of cutting |(0,1) (increments of |N = (1,49),60, 80,100

probability an existing connection|0.1)
each timestep, always
1 - P(connect).

https://doi.org/10.1371/journal.pcsy.0000051.t001

on the diffusion of information. To an extent, the choice for these measures is arbitrary, and
future research stands to benefit from studying the effects of our model parameters on more
individual and meso-level measures such as degree distributions and community formation.
Networks are mathematical representations of relationships (edges or links) between
objects (nodes or vertices). Degree is a property of single nodes: the amount of connections
anode has in the network. The average degree K is simply the population average of node

degrees k;: K = % In this model, agents are network nodes. Agents do not connect to
themselves, and redundant connections are not possible. Therefore, the maximum amount

of connections one agent can have is N-1. For a population of 10 agents, average degree will
therefore be a value between 0 and 9. Note that if the population average degree is equal to
N-1, this indicates a complete graph: the network where each agent is connected to all other
agents. This measure, then, gives a simple and intuitive indication of where the network is on
the spectrum between completely disconnected and fully connected, while retaining informa-
tion about the number of connections of each agent.

Clustering indicates the fraction of a node’s network neighbors that are themselves con-
nected to each other. To illustrate, say agent A is connected to three others B, C and D. B and
C are connected, but C and D are not and neither are B and D. In this case, ABC forms a fully
connected triangle, while ABD and ACD do not. Clustering can be indicated as the ratio of
actual to possible fully connected triangles, in this case 1/3. This is the clustering coefficient.
This coefficient is calculated for the whole network each timestep, resulting each time in a
value between 0 and 1. Note that a value of 1 for this coeflicient corresponds to the complete
graph at which average degree is N-1; if all possible triangles are fully connected, then the
whole network is fully connected. Clustering is an indicator of how “local” and redundant
a network’s connections are. The opposite of a very clustered network we might call a fully
‘hierarchical’ or ‘efficient’ network, where all nodes connect back to a single node or small
group of nodes [44]. A signal across such a network spreads very efficiently, taking 1 step to
reach the ‘leader’ node(s) and 1 step back to reach all others. In contrast, a signal across a very
clustered network can take many steps to travel between any 2 given nodes if it lacks long
ties between local ‘neighborhoods, and the traveling signal can become “stuck” in local clus-
ters. More clustered networks have therefore been shown to slow down processes of diffusion
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across populations, but also to increase performance in the exploration of more complex task
spaces, by slowing down conformity to a single central solution [4-6].

The shortest path length between two nodes is the minimum amount of links that need to
be traversed in order to get from one to the other. Average shortest path length is the average
taken over all node pairs. Here, too, an average value of 1 means that the networks are fully
connected, since it indicates that all agent pairs have a direct path of 1 link between them.

In terms of diffusion across the network, average shortest path length has a comparable but
inverse effect to clustering: spreading processes will be slower when shortest path lengths are
high. In fact, this measure is a direct indicator of the time any type of diffusion will take to
spread across a network. Note that since networks in this model often form several discon-
nected components, the average shortest path length is often calculated seperately for each
component, and then averaged.

In this model, the agents will not always form a single network. More often, especially at
low range (and at low connection probability in the null model), the population will con-
sist of several mutually unconnected local networks, or single isolated agents. To keep track
of this, we calculated the number of such connected components and the size of the largest
connected component. When the number of components is 1, the population forms a sin-
gle connected graph; when it is equal to N, no agents are connected. Conversely, when the
largest component is equal to N, the population forms a single connected graph, and when it
is 1, no agents are connected. This measure is useful to include if we're interested in diffusion
processes on the network: whatever the structure indicated by the previous three measures,
as long as networks do not form a single component, nothing that starts in single agents will
spread across the whole network. Note that a population that forms a single connected net-
work, where there is at least one path between all agents, is not necessarily a fully connected
network, where there is a direct link between all agents.

Finally, we calculated the small-world-index of networks. Strictly speaking, a small world
network is one defined by the parameters #,k and p, where # is the population size, k is the
number of neighbors on a ring lattice that each node connects to (therefore each node has
the same degree k). Parameter p is the probability that a link is “rewired”: replaced by a link
to a node chosen at random from the whole population [44]. A direct comparison between
a small-world networks and range model networks, however, does not make much sense,
for two reasons. First, the range model is a spatial model: in a small-world network, nodes
have a fixed position on a ring lattice, while in the range model, agents move around through
a 2D coordinate space. Second, in a small-world network k specifies a global degree value.
When rewiring probability p is 0, this means that all nodes have degree k. This is very rare in
a dynamic, spatially explicit model with random movement; it can only occur when agents
happen to form an equidistant ring in space.

In order to still have an indication of the occurrence frequency of small-world-like struc-
tures, there is the small-world index [45]. The small-world index S of a graph G is the ratio of
Cto L. Cis equal to CG/CR, where CG is the clustering coefficient of G, and CR is the cluster-
ing coefficient of a random graph with the same number of n nodes and m edges as G. Sim-
ilarly, L is equal to LG/LR, where L is the average shortest path length. S, then, is calculated
as S = (CG/CR)/(LG/LR). This measure captures the feature of small-world graphs that most
nodes are locally connected, while some are rewired to form ‘longer’ ties outside of local clus-
ters. Adding only a few of such long ties connects relatively clustered local communities, cre-
ating much shorter average shortest path lengths while keeping clustering high [44]. If, there-
fore, clustering is low and average shortest path length is high compared to a random model,
S will be low; if the opposite is the case, S is high. Small-world networks were designed specif-
ically to generate properties specific to human networks, which exhbit high clustering and low
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average shortest path length [44]. They have also been studied in terms of impact on informa-
tion diffusion [2,9]. Having an indication of small-world-ness in our output measures helps
pinpoint the circumstances under which there could be spatial contributions to the genera-
tion of these well-studied network structures. Note that at low range and low population den-
sity, both the null and the range model can often generate a population of completely isolated
agents: an empty graph. In such a situation, both the clustering coeflicient and the average
shortest path length can be 0 in some runs. Since small-world index uses these measures in
the denominators of fractions, such cases would require division by zero, leading the index to
be undefined. We chose to simply exclude these runs, leading to the apparent lack of data at r
=1 in the lower right panel of Fig 2, and at lower values of N (see below).

Range vs. Average degree Range vs. Clustering coefficient Range vs. Average shortest path length
P(connect) P(connect) P(connect)
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
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' 2
o
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o
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P(connect) P(connect) P(connect)
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
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Range Range Range

Fig 2. Network properties of range model and null model networks for varying range, N = 20, g = 10. Range model results are shown in blue; null model results
in red. Range was tested for each integer value from 0 to 10, shown on the bottom labels of the x-axis. The null model P(connect) parameter was tested at r/g for
each of these values, shown on the top labels of the x-axis. At each of these values, both the range and the null model were simulated for 100 rounds, each of 100
timesteps. Each network measure was collected at each timestep, and the dots shown in the figures represent time-averaged network measures for each round. Lines
are drawn through the means of these time averages purely as visual aid, while transparent areas show 1.5 standard deviations. At low range settings (when spatial
constraints are most articulated), networks are much more clustered, have slightly higher degree, higher average shortest path length, a lower number of connected
components and a higher small-world index than the null model (for N = 40, 60, 80 and 100, see S2 Appendix, S2 Fig, and S3 Fig).

https://doi.org/10.1371/journal.pcsy.0000051.9002
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3. Results

3.1. Spatial constraints create networks with higher clustering and lower
average shortest path length

The most conspicious difference between the range model and the null model is the difference
in clustering. As can be seen in the upper middle panel of Fig 2, clustering is much higher in
the range model at all settings except fully connected networks. This difference is particularly
visible at lower values of r. Part of this difference in clustering is accounted for by the differ-
ence in average degree. As range and connection probability increase, agents form more con-
nections, leading to higher population average degree. As more of the possible connections
between agents are made, more connected triangles form, increasing the clustering coeffi-
cient. In the non-spatial null model, this effect seems to account for the increase in clustering,
which closely follows the increase in degree (Fig 2 top-left and upper middle panels). In the
range model, however, this straightforward relationship between degree and clustering is not
observed, especially at lower values of r. This is because there is an additional effect increas-
ing clustering, introduced by range-constrained network formation. Since movement is ran-
dom, the probability of two agents A and B being within range and therefore connected is
well-modelled as a random process. If we simplify B’s random walk up until this timestep by
assuming its current location is drawn uniformly at random from the coordinate space, its
probability to connect to A is proportional to the percentage of the area covered by A’s range:
P(AB) x 27r/g* (see for a formal treatment in unbounded space [35]). Given a connection
between A and B, a third agent C follows the same probability of connecting to A. However,
once both A and C are connected to B, we can limit our assumption of their possible current
positions, from the entire coordinate space g2, to the area covered by A’s range 277, making

it much more likely for B and C to connect as well and form an ABC triangle. Fig 3 illustrates

Null model, R(connect) = 0.1

Null model, P(connect) = 0.3

*—= Range model, r=1 Range model, r=3

Null model, P(connect) = 0.2
.\

Null model, P(connect) = 0.4

. Range model, r =2

nge model, r=4

Fig 3. Four snapshots comparing null model to range model networks, N = 18, g = 10. Each snapshot is a timestep taken from a simulation round. In order to
make visual comparison easier, the spatial layout created by the positions of the agents in the range model graphs are copied in the null model comparisons (which
do not have positions themselves). At each timestep, the null model (left) is compared to the range model (right) at r/g. Upper left: r = 1, P(connect) = 0.1. Lower left:
r =2, P(connect) = 0.2. Upper right: r = 3, P(connect) = 0.3. Lower right: r = 4, P(connect) = 0.4. At similar connection probabilities, agents in the range model only
connect to closer agents, creating more connected triangles.

https://doi.org/10.1371/journal.pcsy.0000051.9003
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this difference with network visualizations, showing many more complete triangles in the
range model compared to the null model at comparable settings.

This effect leads to networks with highly localized structure when r:g is low, which is
reflected in much higher clustering as well as higher average shortest path length. Low range
“assorts” agents into local clusters of physical proximity. As r increases and the proximity con-
straint softens, these differences dissolve until resembling the null model. As a direct result of
the large difference in clustering and average shortest path length, the range model networks
have much higher small-world index when range is low. Introducing spatial constraints there-
fore produces more ‘small-world-like’ networks, most notably so when r:g = 0.2 (This values
scales with Nj; see S1 Fig). Although the non-spatial model often shows lower average shortest
path length, the difference in clustering at low r is high enough for the range model to show
a clear spike in small-world index (Fig 2, lower right panel). For discussion of results at other
constant values of N, see S1 Appendix and S1 Fig.

3.2. Range constrains the influence of population density on network
structure.

For constant values of r and g, varying population size N also impacts network structures in
the range model. In both the null model and the range model, as population size increases,
networks become more densely connected, and average degree increases. As has been shown
for static Erdos-Renyi graphs, both models also show a critical value of N after which net-
works form a single connected ‘giant’ component [46]. The mechanisms, however, differ.

In the null model, the increase in degree is a matter of increased possible links, which, with
the same P(connect) but an increased number of trials, will lead to more links overall as well
as per agent. In the range model, population size increases population density N/g%, which,
much like increasing r:g, makes randomly moving agents increasingly likely to encounter
other agents. Moreover, the range model exhibits an additional ‘crowding’ effect that leads to
higher average degree as well as a higher rate of increase of average degree with N (as can be
seen in the upper left panel of Fig 4). This crowding effect works as follows. In an unbounded
space, it would be more accurate to assume an agent’s probability of randomly encountering
and therefore connecting to another agent remains approximately constant. In such a model,
N would only increase degree by increasing the number of times the model draws form this
probability distribution, therefore increasing the number of successes, as is the case in the null
model. In a bounded space, however, where agents cannot share positions, increasing popu-
lation density means positions become less randomized by movement, and the area covered
by any given agent’s range is more likely to contain more agents, until the coordinate space is
fully ‘saturated’ and agents can no longer move. The result of this effect of population density
is consistently higher degree than the null model, as well as a consistently lower ‘critical’ value
of N at which the network forms a single component (see upper left and lower middle panel
of Fig 4).

The fact that, as discussed above, the range model creates more locally structured graphs,
is reflected in these results as well: the range model networks have consistently higher cluster-
ing and average shortest path length, and as a result, a higher small-world index (upper mid-
dle, upper right, and lower right panels of Fig 4). Range model networks do, however, show
a much lower number of connected components (lower left panel of Fig 4): connections may
be local, but high clustering as well as a bounded space mean that connections are redundant
enough to be more likely than a random model to connect to larger portions of the popula-
tion. Range model networks at low r form long, clustered chains of agents that form a large
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Fig 4. Network properties of range model and null model networks for varying population size, r = 2, g = 7. Range model results are shown in blue; null model
results in red. In both models, population size was tested for all integer values between 1 and 49, shown on the x-axis. At each of these values, both the range and the
null model were simulated for 100 rounds, each of 100 timesteps. Each network measure was collected at each timestep, and the dots shown in the figures represent
time-averaged network measures each round. As visual aid, lines are drawn through the means of these time averages, while transparent areas show 1.5 standard
deviations. Ranged networks show higher clustering, average degree, and average shortest path length, as well as a lower number of connected components. For r =
1,3,4,6 and 8, as well as varying g and higher N, see S2 Fig, S2 Appendix, S3 Appendix, S3 Fig and $4 Fig.

https://doi.org/10.1371/journal.pcsy.0000051.g004

share of the population, such as shown in Fig 3 for r = 3 (upper right panel). One conspicu-
ous difference, however, from the results of varying r, is that the increases in these measures
with N each show a clear ‘plateau’ value of N after which they remain constant. This is due to
the model still being constrained by a constant value of r. Though the space becomes increas-
ingly crowded, agents are still limited to connect to the agents in their covered area 277, lim-
iting both the possible closed triangles and the shortest possible path between distant agents
that population density can achieve. A similar bounding effect of r is visible in average degree:
though average degree increases with population size, the values stay far from their maxi-
mum N-1. In general, as population density tends towards the point where each coordinate

is occupied by an agent, N/g* = 1, agents tend toward a uniform state characterized by a num-
ber of connections equal to the number of coordinates in their ranged area, 27rr. The possible
degree, complete triangles, and shortest paths are set in this situation by the size of this area,
which is defined by r. For discussion of results at other constant values of  and of varying g,
see S2 Appendix, S2 Fig, S3 Appendix, and S4 Fig.
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3.3. Information diffusion on range model networks replicates known
results.

In addition to tracking network properties outputs, our simulations included four commonly
modelled processes of information diffusion on the networks. We simulated a simple conta-
gion process, where ‘susceptible’ agents can be infected by connected ‘infected’ agents with
varying probability P(infect); a complex contagion, where P(infect) increases with the num-
ber of connected infected agents; a basic cultural evolution model, where two traits each have
their own probability of transmission; and a model of the more specific ‘potion task’ pro-
cess. In a potion task, based on an experiment by Derex and Boyd [4], individuals start with
an item inventory, can combine some items into progressively more complex items, and can
share known combinations. In the first three processes, we track the timesteps until the state
has spread to all agents. In simple and complex contagion, this is reached when the entire
population reaches the “infected” state. In the cultural evolution case, this means that one

of the traits stochastically comes to dominate and reaches ‘fixation’ In the potion task, we
instead track whether a ‘crossover event’ happened after 100 timesteps. A crossover event is

a term specific to the potion task, in which there are two ‘trajectories’ of increasingly complex
combinations of items, and the most complex item of each trajectory combines into the final
‘crossover’ item. More details on implementation as well as figures are found in S4 Appendix,
S5 Fig and S6 Fig. Here, we briefly summarize the expected and observed results.

The expectations from prior research [6,9,44,47] are as follows. As discussed above, high
clustering and average shortest path length describe networks that have a delaying effect on
transmission. This is true specifically for transmission processes that are based on individual-
to-individual transmission probabilities: in this case, the simple contagion, cultural evolu-
tion, and potion task processes. Previous research also shows that in the potion task, network
properties that delay transmission lead to higher rates of succesful crossover events because
the population is less likely to get stuck in a single trajectory of possible combinations [3-

5]. Finally, in the case of complex contagion, higher clustering is known to speed up rather
than delay diffusion, since there is a higher chance of individuals being exposed to multiple
same-state neighbors [1]. Accordingly, in the range model and especially at lower r, where
we observe higher average shortest path length and higher clustering than in the non-spatial
model, we expect slower time to full diffusion in the simple contagion process, and slower
trait fixation in cultural evolution. Furthermore, we expect higher crossover event rates and
faster complex contagion.

Our simulations replicate these known effects. In simple contagion, the proportion of
infected agents increases slightly faster in the null model at each parameter setting tested,
from r =1 and P(connect = 0.1) to r=9 and P(connect) = 0.9 (N = 10, g = 10), showing higher
differences when range is low. Similarly, traits reach fixation faster at most settings in the cul-
tural evolution model, especially so at higher values of r and P(connect), where we observe
more connected (higher average degree) networks. The network structure properties created
by range constraints have an especially large effect on complex contagion, where at lower val-
ues of  (r=1,2,3, P(connect) = 0.1,0.2,0.3, N = 10, g = 10) the proportion of infected indi-
viduals increases with more than double the rate observed in the null model. Finally, in the
potion task, the expected result is achieved at r = 1,2 (P(connect) = 0.1,0.2; N =10,¢g=10). On
average, across 100 rounds of 100 timesteps, the range model population achieves crossover
events in 72 rounds at r = 1, versus 32 in the null model (P(connect) = 0.1). The range model
maintains a slight advantage (74 versus 70) at r = 2. Interestingly, however, at higher settings,
the null model performs better (by 9 events on average). A possible explanation could be
found in the higher number of connected components observed in the null model. For a more
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detailed discussion of network forces that can influence the potion task and how they relate
to our simulations, see the S4 Appendix. Overall, our diffusion tests illustrate and quantify
the possible consequences of this paper’s main results: that spatial constraints have a major
influence on our predictions of network structure between individuals. It follows that spa-
tial constraints impact our predictions of the collective processes that take place on these
networks.

3.4. Results summary

To summarize the simulation results, we found three major network formation mechanisms
introduced by a coordinate space, random movement, and ranged interaction. First, for any
constant population size, the ratio of r to g determines how densely connected graphs are,
from disconnected agents at r = 0 to fully connected networks when r>g (not precisely at r

= g because the circular Euclidean ranges do not overlap exactly with the square grid). Sec-
ond, independently from range, increasing the population density N/g* also increases graph
density, as agents ‘crowd’ the coordinate space, making connections more likely. The impact
of increasing population density on graph structures is still constrained by r, each node rely-
ing on movement for connection when population density is low, but reaching the maxi-
mum degree and clustering possible under the current value of r when the population density
reaches 1. Range (relative to coordinate space size g) therefore sets the slope of the increase of
average degree with population density, as well as ‘plateau’ maximum values to the increase

in clustering, decrease in average shortest path length, and decrease in number of connected
components. Finally, range model graphs are more clustered and have lower average shortest
path length overall due to the higher probability of connecting to proximate agents, especially
at lower r:g. In other words, in this model of spatially constrained randomly moving agents,
when range constraints are very strict, much of the work of connections is done by move-
ment, which is in turn restricted by the population density. This situation generates highly
clustered graphs. Conversely, as range constraints are loosened, movement and position starts
to matter less, until they become irrelevant when r>g. Finally, we confirm that these differ-
ences in network structures impact the behavior of diffusion processes in ways predicted by
prior literature.

4. Discussion

In this paper, we report simulations demonstrating that including spatial constraints on agent
interactions introduces significant differences in network architectures, and by extension, in
information flow. In general but especially when range is low compared to environment size
& since spatial constraints ‘assort’ agents by physicial proximity, networks are more clustered,
have higher average shortest path length, a lower number of connected components, and a
higher small-world index than dynamic random graphs. Two main parameters drive aver-
age network structures: communication range r, relative to g, and population density N/g*. As
either increases while the other remains constant, graphs become more densely connected.
The influence of population density on graph density is bounded by r, limiting the possible
connections agents can make. As population density increases, movement becomes increas-
ingly impossible as every agent occupies one of the g X g coordinates when N = g*. As a result,
positions become fixed and node properties become global, set by the value of . A specific
mechanism that causes higher clustering and average shortest path lengths in range model
networks is that any agents j connecting to an agent i need to be within the area covered by

i’s range, significantly increasing the probability that agents j connect to each other as well.
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We also show that range model networks create more small-world like networks than a non-
spatial model, and that diffusion processes are impacted indirectly by spatial constraints as a
result of their impact on network structure.

These results on clustering and small-world index bear repeating. When human networks
are compared to other systems such as technological and biological networks, high clustering
consistently shows up as a distinguishing characteristic [33,44,48,49]. When this high clus-
tering is combined with relatively low average shortest path length, networks become well-
described as small world networks, a type of network that was designed to exhibit character-
istics of human networks [44]. Our simulations show that such network properties can be the
result of simply situating communication in space and assuming random movement. Similar
results were found for static random networks by Wong and colleagues, who found high clus-
tering and low average shortest path length as a result of introducing ranged connection in an
unbounded space [49]. We reproduce these findings for a dynamic model, the full range of N,
g and r, and in bounded spaces. The fact that ‘human-like’ networks can be consistently pro-
duced from random movement and spatial constraints alone raises questions about the rel-
ative contribution of spatial and social mechanisms to network structures. Are these human
properties to be explained by social preferences specific to intelligent social species, or can
they also be explained by physical properties that are common to all moving communicating
systems? An interesting direction for future models and experiments would be to study the
interaction between spatial constraints and the preferences, strategies and biases of social con-
necting hypothesized by existing literature [10-19]. Our model provides a tool to track inter-
action partners that are possible under spatial constraints, while leaving open the possibility
of adding preferential connection rules for agents to select from this subset while in range.

One obvious but central result of our simulations is that when r exceeds grid size g, fully
connected networks are guaranteed. In other words, r>g is the condition that needs to obtain
before each individual has access to each other individual. By extension, this is the condition
that needs to obtain before individual choices, strategies, and biases about who to connect to
and communicate with can fully account for network formation. Our simulations quantify
what happens when this condition does not obtain (when 0<r<g), and when therefore spatial
constraints play a role in network formation.

One mechanism that starts to play a role in network formation when r>g is mobility. In
their paper reporting a similar model, Vining and colleagues discuss a distinction between
solid and liquid brains [35]. Solid brains, such as human brains and computer chips, have ele-
ments and links in more or less fixed positions, whereas liquid brains, such as swarms and
slime moulds, consist of mobile elements that form transient links [50]. Vining and collegues
note that in liquid brains, mobility can play the role that physical links can play otherwise:
connecting nodes, creating a pathway enabling information sharing. This is what we see in
our simulations when r>g: because agents are situated in an environment and communica-
tion is range-constrained, moving through that environment becomes a mechanism for net-
work formation. As r:g decreases, mobility becomes the dominant mechanism for connection;
as r:g increases, links take over. This, too, is an interesting dynamic in light of the discussion
of social versus spatial contributions to network structure: we expect preferences of selec-
tive connection to dominate when r:g is close to 1, while mobility and environmental con-
straints do so when r:g is low. Additionally, as population density increases, and the stochas-
tic element of our model (random movement) slowly disappears, agent network properties
becomes increasingly global and determined by r as the coordinate space becomes saturated
and mobility becomes impossible. One interesting consequence is that, as the mobility mech-
anism disappears, models of networks on fixed lattices may therefore become more applica-
ble in systems under ‘crowded’ circumstances. Small-world networks, for example, are partly
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generated by a parameter k which connects each agent to the k nearest neighbors on a lattice,
and as a consequence setting a global node degree k [44]. In the fully ‘crowded’ settings of
our model where N/g* = 1, r functions the same way, setting a global node degree equal to the
number of integer coordinates that fall within an agent’s range, 27r.

Real individuals will of course show more intelligent mobility patterns than random move-
ment. Moreover, random movement can be implemented in ways different from our model. A
more standard implementation of movement direction in agent-based models is for agents to
select from a uniform distribution of angles rather than directly from integer coordinate ‘tiles’
In a recent paper, Chimento and Farine simulated this implementation of random move-
ment as well as movement patterns where the distribution of angles was more concentrated
towards specific directions, and where agents move towards resources in the environment
[34]. Alternatively, using data from cell phone towers, researchers have found that human dis-
placements over time are approximated by so-called Lévy flight processes, where agents select
step sizes from a power-law distribution of distances. Most of us move small to no distances
most of the time, and greater distances some of the time; in addition, a small number of peo-
ple travels much greater distances [51,52]. One direction for future work is to combine our
results of varying range and population size with these more realistic mobility patterns, and
to test the fit of different mobility patterns to observational data of human communication
and other interaction networks, employing our model to see the role of spatial constraints to
interindividual interactions in the real world.

Apart from mobility, as discussed, we found a role for population size and density in the
formation of networks. The role of population size in transmission processes has been dis-
cussed in literature on models in cultural evolution. Models have demonstrated that greater
population size, under the right demographic and network connectivity circumstances,
increases a population’ ability to create and maintain complex skills [3,53-55]. Our simu-
lations show a different role for population size: inreasing N in a bounded space increases
population density, increasing the probability for randomly moving agents to encounter
each other, creating more dense networks for interaction. Under the spatial constraints of a
bounded environment and limited-range communication, population size influences not just
transmission networks, where links are the information actually transmitted, but the commu-
nication network infrastructure that makes transmission possible, where links are the possible
pathways for information transmission.

One limitation of the present work is that though we quantify the impact of a bounded
environment, the space itself is empty and unobstructed. The structure of real environments
might significantly impact the possiblities of communication, introducing more complexity as
well as realism into the spatial computation of network structure. A second limitation is that
we consider only single-layer networks with global values for communication range, while
real communicating systems may use different and overlapping communication media and
technologies with different effective ranges. A third limitation is that we compare the ranged
model to only one type of non-spatial model. Comparison to (dynamic versions of) other
‘standard’ non-spatial network generation algorithms such as small-world and preferential
attachment graphs [44,56,57] would paint a broader picture of the impact of including spatial
constraints in network generation algorithms. All three of these limitations would be fruitful
directions for future work.

Leaving the role of spatial constraints out of the picture (for example, by over-relying on
digital communication data, social surveys, experimental settings where participants are all in
the same space, or traditional network generation algorithms) could lead one to suggest that
the mechanisms driving human network formation are primarily in psychology and behav-
ior. However, including them in a model shows that, compared to a non-spatial model, these
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constraints alone can have a major impact on our predictions of network structure, and gen-
erate human-like networks. In any real system of individuals, of course, spatial and social
contributions to network structure will not be mutually exclusive or even independent, and
studying the relative contribution and interaction of both is imperative. One advantage, how-
ever, of physical properties such as location and communication range as a partial explana-
tory mechanism of real networks is that they are much more straightforward to interpret, test
and implement than hypotheses about drivers of human psychology and behavior. The model
reported in this paper provides a tool to understand interaction networks as the product of a
process of collective computation which does not just include cognitive heuristics by isolated
individuals, but also their embededness in an environment.
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