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Abstract

In many aspects of life on earth, individuals may engage in cooperation with others to con-
tribute towards a goal they may share, which can also ensure self-preservation. In evolution-
ary game theory, the act of cooperation can be considered as an altruistic act of an
individual producing some form of benefit or commodity that can be utilised by others they
are associated with, which comes at some personal cost. Under certain conditions, individu-
als make use of information that they are able to perceive within a group in order to aid with
their choices for who they should associate themselves within these cooperative scenarios.
However, cooperative individuals can be taken advantage of by opportunistic defectors,
which can cause significant disruption to the population. We study a model where the deci-
sion to establish interactions with potential partners is based on the opportune integration of
the individual’s private ability to perceive the intentions of others (private information) and
the observation of the population, information that is available to every individual (public
information). When public information is restricted to a potential partners current connection
count, the population becomes highly cooperative but rather unstable with frequent inva-
sions of cheaters and recoveries of cooperation. However, when public information consid-
ers the previous decisions of the individuals (accepted / rejected connections) the
population is slightly less cooperative but more stable. Generally, we find that allowing the
observation of previous decisions, as part of the available public information, can often lead
to more stable but fragmented and less prosperous networks. Our results highlight that the
ability to observe previous individual decisions, balanced by individuals personal informa-
tion, represents an important aspect of the interplay between individual decision-making
and the resilience of cooperation in structured populations.

1 Introduction

In many facets of life on earth, it is possible to observe cooperation between individual entities.
This phenomena can be observed within the foundations of modern society including the
global economy and within politics across the globe [1-4]. The occurrence of cooperation can
also be observed within natural contexts including animal social groups and cellular biology
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[5, 6]. When groups such as these are modelled, it becomes possible to analyse the finer
dynamics that can occur within these groups [7, 8]. The dynamics of these networks can be
further expanded upon by considering how interactions between individuals can affect their
well-being and the decisions they undertake, this is commonly studied as part of the field of
evolutionary game theory [6].

Under game theory, a cooperator can be considered as an individual that will pay some of
cost in order for other individuals to receive some form of benefit [2, 9]. For example, a bee, as
part of a colony, may put aside it’s own reproductive potential in order to protect the colony,
this act will in turn raise the reproductive potential of other bees [6]. In an ideal scenario, other
individuals will engage in like-minded behaviour and contribute towards cooperation within
these groups, which allows for benefits to be produced for all associated individuals and make
up for the personal costs incurred [10]. This should result in a scenario where all individuals
are able to look out for each other whilst potentially working towards a shared goal. The scale
of these kinds of interactions can range between just two individuals to large groups of inter-
connected individuals, each with a varying amount of connectivity. This can be used to repre-
sent different kinds of communities of varying scale and connectivity.

All individuals, when engaging in cooperative behaviour, can collectively produce benefits
for the group and support group well-being. However, as seen in various games [6] and histor-
ical events [11], this altruistic behaviour can be taken advantage of by opportunistic defectors
that may be present. In game theory, a defector is considered as an individual that engages in
actions that improves their own payoff, but results in an overall socially inefficient outcome.
However, a defector will still take advantage of the benefits produced by other cooperators it is
associated with, giving nothing in return. A game that is commonly used to illustrate this con-
flict is the prisoner’s dilemma [4]. Here, both players have the choice to either cooperate with
or defect against their opponent. When examining the payoff matrix of this game, it becomes
clear that the most logical strategy to adopt is defection in order to maximise potential benefits
whilst mitigating any losses. The conflict between cooperation and defection that can arise in
these scenarios is commonly studied in the field of evolutionary game theory [6, 12], where the
fitness of individuals within these scenarios are taken into consideration. Depending on how
fitness is defined within an area of study, the fitness of individuals can change over time [13-
15] in response to changes in their local environment, can affect how well they perform and
can also affect the likelihood of reproducing [16].

This paper expands upon previous work by Yang et al [17]. The previous presented results
demonstrate how the presence of public and private information can affect the connections
formed by individuals as they join a network. The connections that a newcomer may form are
limited to a chosen role-model and to all individuals that are currently associated with the
role-model. The choice of role-model selected by an individual will also influence the strategy
that will be adopted when joining the network, determining how it will interact with others it
forms connections with. The choice of role-model is influenced by individual fitness of indi-
viduals present within a network. Individuals make use of two kinds of information, public
and private. Private information is based on an individuals ability to perceive if a node is trust-
worthy and public information is based on the number of connections a node has and if that
number exceeds the network average. These two kinds of information are utilised by individu-
als when joining a network and determining which individuals it should form a connection
with.

However, in the model studied in [17], the kind of public information available to newcom-
ers is restricted to observing the current number of accepted connections a potential neigh-
bour possesses. The findings also illustrate how the presence of public information can lead to
the emergence of information cascades, which can potentially contribute to the collapse of
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cooperation. This method of observing the connections an individual possesses limits new-
comers to observing an individual at the current moment and does not allow newcomers to
also consider historical actions that have been taken by other newcomers. This type of public
information also limits newcomers to a simple ‘yes or no’ evaluation as opposed to more
nuanced consideration. In previous works [18-20], the past actions of other individuals are
considered by others when determining a course of action to take, illustrating that the range of
information available may not necessarily be limited to the current moment in time. The infor-
mation made available to individuals can also have some additional influence on decision-
making, which could potentially push them towards making decisions they may have not ordi-
narily taken [18]. Although, these previous works have not considered the consequences that
such types of history-based decision making can have on the ability of a population to cooper-
ate. This paper explores how the presence of public information that is based on the historical
decisions of previous newcomers can have an effect on cooperation, prosperity and instability
in a structured population.

To evaluate the dynamics of these networks, we make use of computer simulations. Net-
works in these simulations are subjected to different methods of interpreting public informa-
tion with a varying amount of information being available to newcomers. We determine how
adjusting these factors can affect the level of cooperation in these networks and their underly-
ing topology.

2 Materials and methods

2.1 Computational model

The model utilised for this paper expands upon previous work by Yang et al [17], in order to
explore how the presence of public information as an observable history of previous decisions
can affect cooperation and network well-being. In the model utilised by Yang et al [17], new-
comers joining a network of a fixed size select a role-model from individuals already present in
the network based on their level of fitness. A newcomer will then make use of both public and
private information to determine which individuals it should form connections with. Any con-
nected individuals will engage in a round of a donation game.

We utilise a special case of the prisoner’s dilemma game [6] to investigate the conflict that
can emerge between cooperators and defectors, called a donation game. Here, an individual
may engage in cooperative behaviour to produce benefits for each of its neighbours, which will
come at some personal cost. An individual engaging in defection will produce no benefits
incurring no costs whilst still taking any benefits produced by others. The payoff matrix utilises
parameter b, which determines the value of benefits produced from a cooperative individual.
Parameter c is used to determine the cost that is incurred when an individual engages in coop-
eration. Throughout simulations, we assume that b is set to 10 and c is set to 8, which will
adhere to the condition of b > ¢ > 0. The payoff P; of individuals is determined by the sum of
all payoft obtained by all interactions that individuals have with their neighbours. For example,
assuming a cooperator has K cooperative neighbours and J defective neighbours, they will
receive the payoff described in Eq (1). For defectors, assuming they have K cooperative neigh-
bours and J defective neighbours, will instead receive a payoff described in Eq (2).

K(b—c¢)+J(=c) (1)
K(b) +7(0) (2)

Parameter ¢ is used to determine the level of selection strength that is present in networks
and will influence the likelihood that nodes are selected as role-models based on their payoff
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Fig 1. An illustration of the process that is undertaken as a newcomer joins the network at each step during the
simulation. Firstly, a newcomer will select an existing node to act as its role-model, which is influenced by node fitness
and 6 = 0.001 (a). Following this, the newcomer will adopt a strategy, by either copying the role-model or mutating by
adopting the opposing strategy (b). Lastly, the newcomer will then proceed to choose which of the role-models
neighbours to form connections with, which is done by making use of available public and private information (c). To
model private information, two Gaussian distributions are used to represent an individuals ability to identify either
cooperators or defectors respectively (d). Specificity and sensitivity represents an individuals ability to correctly reject a
connection with a defector or correctly accept a connection with a cooperator respectively.

https://doi.org/10.1371/journal.pone.0275909.9001

P. This parameter is used to calculate the fitness of a node i as described in Eq (3).
(1+0)P, (3)

At each step during a simulation, a newcomer is incorporated into the network (Fig 1).
Firstly, an existing node is randomly selected to act as the newcomers role-model (Fig 1a).
This selection is influenced the fitness of nodes, obtained as in Eq (3), with a higher value
meaning a node is more likely to be chosen as a role-model over other nodes. Next, the new-
comer will determine if it will adopt the strategy of its role-model (Fig 1b). Parameter yu is used
to determine the likelihood that a mutation will occur. Following [17], u is set to 0.0001 to
allow for comparison against previous work. If a mutation occurs, the newcomer will instead
adopt the opposing strategy of its role-model. The role of mutation within networks is to avoid
networks only consisting of either cooperators or defectors, and allows for the possibility of a
previously absent strategy to invade a network. Following [17], public and private information
are then used to establish which connections the newcomer will form. The potential connec-
tions an individual may form are restricted to the chosen role-model and any individuals that
are connected to the role-model, and is done using the decision-making process described in
Section 2.4 (Fig 1c).

2.2 Private information

Following [17], we utilise two fixed Gaussian distributions (See Fig 1d) to model a newcomers
ability to determine the intentions of a potential neighbour as private information. Both
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distributions are created with a variance of ¢* = 0.5 and both peaks are set 1 apart from each
other, with a y of -0.5 for . and a y of 0.5 for ¢,. The use of these two overlapping distribu-
tions ¢, and ¢, are used in order to emulate an individuals imperfect ability to differentiate
between potential cooperators and defectors respectively. For each node x (either the role-
model or any nodes connected to the role model) where a connection can be formed, a value is
sampled from either ¢, if the node x is a cooperator or ¢, if node x is a defector. Should the
decision threshold T exceed the sampled value, the private information will indicate that a con-
nection should be made towards node x. Otherwise, the private information will indicate that
a connection should not be made towards x. Increasing t throughout simulations increases the
likelihood that private information will indicate that a connection should be made. Whilst this
will mean that newcomers are open to form more connections, this also means that more con-
nections with defectors are increasingly likely (see Fig 1d).

2.3 Public information

2.3.1 Connection average. To understand how public information based on previous
decisions can influence structured populations. we review a type of public information,
referred to as connection average (see Fig 2), that has been studied in previous works [17, 21],
which does not consider previous decisions but only the current connections of a potential
neighbour. In this case, public information will be obtained by examining the number of con-
nections a node x possesses and if that count exceeds the average connection count across the
network.

Given the node x, public information will give an indication whether or not a connection
should be formed with x, based on the following conditional statements:

« If node x has connection count that exceeds connection average, public information will
indicate that a connection should be formed with x

o If node x has connection count that does not exceed connection average, public information
will indicate that a connection should not be formed with x

2.3.2 Global history. We expand upon previous work [17] by considering a kind of public
information based on the sequence of decisions undertaken by previous newcomers which we

b.
ConnectionAverage = 3.16

Potential Neighbours Connections
=3

C-3< ConnectionAverage

. - Defector

Fig 2. Example scenario of connection average method being utilised. Here, the newcomer is determining if it
should form a connection with node x (a). The connection average across the network and the current connection
count of x is obtained (b). As the current connection count for node x does not exceed the network average, public
information will indicate that a connection should not be made (c).

https://doi.org/10.1371/journal.pone.0275909.g002
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Fig 3. Process of appending new information to the global history list H. As newcomers N determine which
connections they form with other nodes x, the connections they accepted and rejected are noted (a). Following a
newcomer N joining the network, a tuple #; comprised of the newcomer ID e; and all accepted e, and rejected e;
connection decisions are appended into H (b). The oldest log is also removed from H, keeping H from exceeding a size
of S (c).

https://doi.org/10.1371/journal.pone.0275909.9003

generally refer to as ‘global history’ (as it represents the global history of decisions taken by
previous newcomers). Here, we introduce global history into the model by adding to the
model a list H = {h3, h,. . .h,} of recorded previous undertaken decisions by newcomers (i,e.,
H represents then the ‘global history’). After a newcomer has joined a network, a 3-tuple
entry h; = {e;, 5, e3} is appended to H, recording the accepted and rejected connections dur-
ing decision making (see Fig 3b). For each entry h;, e is used to record the ID of the new-
comer that this entry in H relates to. e, and e; records the individuals the newcomer accepted
(a) and rejected(r) connections with respectively. To restrict the amount of information
available to newcomers, we implement parameter S to define the number of entries that can
be present in H. When a newcomers actions are logged, and when the length of H exceeds S,
the oldest entry is removed from H. To ensure that information present in H is accurate and
to account for the Moran process, any accepted or rejected information relating to a node x is
removed from H if that node x is removed by a newcomer. We define AcceptTotal, as the
total number of accepted connections made with a node x present on the network that are
currently recorded in H. We define RejectTotal, as the total number of connections that are
rejected towards a node x present on the network that are currently recorded in H. We define
fAcceptIndexes'(x) as a list of indexes that correspond to the position of entries in H where a
connection to the specified node x was accepted. We define fRejectIndexes™ (x) as a list of
indexes that correspond to the position of entries in H where a connection to the specified
node x was rejected.

The first of the methods using the global history is called ‘Bikchandani Method’, based on
previous works carried out by Bikchandani et al [18]. When utilising this method, a newcomer
will examine the difference d, between the total previously accepted AcceptTotal, and rejected
RejectTotal, connections for node x(see Fig 4). For this method, should the difference exceed
either 1 or -1, the indication from private information will be overwritten to match the given
indication from public information to either accept or reject a connection.

Given the node x, public information will give an indication whether or not a connection
should be formed with x, based on the following conditional statements:

o If d, > 1, then public information and private information will indicate connection should
be formed with node x, the previous indication from private information is overwritten
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a. b.
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AcceptTotalx =3
RejectTotalx =2
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Decision: ‘Public Information indicates
connection with X should be formed if Private
Information indicates likewise, otherwise, Public
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formed with X with probability 0.5’

. - Cooperator
. - Defector

Fig 4. Example scenario of ‘Bikchandani’ method being utilised. Here, the newcomer is determining if it should
form a connection with node x (a). The total number of accepted and rejected connections for node x are obtained (b).
With these values, the difference d, is calculated and the final decision of this evaluation is based on the conditional
statements that have been defined for this method (c).

https://doi.org/10.1371/journal.pone.0275909.g004

o If d, = 1, then public information will indicate a connection should be formed with node x if
private information also indicates likewise, otherwise, public information will indicate con-
nection should be formed with node x with probability 0.5.

o If d, = 0, then public information will indicate connection should not be formed with node x

o If d, = -1, then public information will indicate a connection should not be formed with
node x if private information also indicates likewise, otherwise, public information will indi-
cate connection should not be formed with node x with probability 0.5

o If d, < -1, then public information and private information will indicate connection should
not be formed with node x, the previous indication from private information is overwritten

The second method to use global history implemented into the model we refer to as ‘Proba-
bilistic Aggregation’. The intuition behind this method is that public information will be more
likely to indicate a connection should be formed where a node x has more previously accepted
connections towards it than rejections (see Fig 5). The probability P, calculated for this
method is described in (4), where AcceptTotal, and RejectTotal, are defined in Section 2.4. P,
will determine the likelihood that public information will indicate a connection should be
formed based on the information currently stored in H for a node x. When evaluating a pro-
spective neighbour x, if less than two entries of both accepted and rejected connections are

S$=5

AcceptTotalx = 3
RejectTotalx =2

C.
3 =
Pz 34z T0°

. - Cooperator
‘ - Defector

Fig 5. Example scenario of probabilistic aggregation method being utilised. Here, the newcomer is determining if it
should form a connection with node x (a). The total number of accepted and rejected connections for node x are
obtained (b). These values are then used to calculate P,, which determines the likelihood of public information
indicating a connection should be made (c).

https://doi.org/10.1371/journal.pone.0275909.9005
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fRejectindexes” (2) = [4,2]
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Fig 6. Example scenario of diminishing probabilistic aggregation method being utilised. Here, the newcomer is
determining if it should form a connection with node x (a). First the indexes of accepted and rejected connections
within H are obtained as the two defined lists (b). Next, the weights of both accepted and rejected connections are
calculated by utilising the obtained index lists and the current value of S (c). Lastly, these values are then used to
calculate P,, which determines the likelihood of public information indicating a connection should be made (d).

https://doi.org/10.1371/journal.pone.0275909.9006

available, a newcomer will instead utilise a coin-toss to determine if public information will
indicate a connection should be made with node x.

Given the node x, public information will give an indication whether or not a connection
should be formed with x, based on the following conditional statements:

o If AcceptTotal + RejectTotal, > 1, then public information will indicate a connection should
be formed with node x with probability P,

If AcceptTotal, + RejectTotal, < 1, then public information will indicate a connection should
be formed with node x with probability 0.5

P AcceptTotal,
* AcceptTotal_+ RejectTotal,

(4)

The last method to utilise global history is a variation of the previously described method
we refer to as ‘Diminishing Probabilistic Aggregation’. Here the age of information is taken
into account, where the latest information available to individuals has a greater relevance and
indication of current trends rather than older information [22] (see Fig 6). Lists fAcceptIndex-
es and [RejectI ndexes", as described in Section 2.4, are utilised as part of (5) and (6) to calcu-
late the values for AcceptWeighted, and Reject Weighted,, that denote the sum of accepted and
rejected connections towards node x, taking into consideration their position within H and its
current size S. With these additional parameters, P, is calculated as described in (7) and is uti-
lised to determine the likelihood of public information indicating a connection should be
formed with a node x (see Fig 6). As with the previous method, if the total weighted sum of
accepted and rejected connections available in H does not exceed one, a newcomer will instead
utilise a coin-toss to determine if public information will indicate a connection should be
made.

Given the node x, public information will give an indication whether or not a connection
should be formed with x, based on the following conditional statements:

o If AcceptWeighted,+ RejectWeighted, > 1, then public information will indicate a connection
should be formed with node x with Probability P,
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o If AcceptWeighted+ Reject Weighted, < 1, then public information will indicate a connection
should be formed with node x with Probability 0.5

AcceptWeighted, = Z ] (5)
jEfAcceptIndexest (x)
) ) _ Jj
RejectWeighted, = Z S (6)

jEfRejectIndexesH (x)

P AcceptWeighted,
* " AcceptWeighted_+ RejectWeighted,

2.4 Information based decision-making

The indications provided by private and public information are combined to determine if a
newcomer will form a connection with a node x, which is either the role-model or one of its
neighbours (Fig 1c). The indications on whether or not to establish a connection are as
described in Sections 2.2 and 2.3. The indications provided by public and private information
are weighted to establish the likelihood of a connection being created if only one indicates a
connection with a node x should be made. Parameter p will determine the likelihood that a
newcomer will form a connection when only public information indicates a connection should
be made. Parameter g governs a similar likelihood for when only private information indicates
a connection should be made. Parameters p and g are modified throughout simulations to
assign more weight to one source of information over the other.

Given the node x, the chosen role-model or a neighbour of the chosen role-mode and the
indications from public and private information, the newcomer decides whether to connect
with a node x in the following way:

o If both public and private information indicate a connection should be made, form connec-
tion with node x

If both public and private information indicate a connection should not be made, reject con-
nection with node x

If public information indicates to make a connection but private information does not, a
connection with node x will be created with probability p

If private information indicates to make a connection but public information does not, a
connection with node x will be created with probability g

Once a newcomer has determined which connections it will form (see Fig 1¢), the network
is then updated. Following this, an individual is randomly selected to be replaced by the new-
comer, keeping the population sized fixed as in the Moran process [6]. Parameter N sets the
number of nodes present in the network. Parameter E sets the initial number of connections
that are present in the network. Throughout simulations, we assume that the starting condi-
tions of networks will utilise N = 100 and E = 200 with the structure being generated as a ran-
dom graph. When calculating fitness, we assume & = 0.001.
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2.5 Network metrics

We study the dynamics of the model using several metrics. Cooperation is used to determine
the average number of cooperators that are present on the network during a simulation. Fit-
ness is used to determine the average level of fitness of individuals present during within a sim-
ulation. This value is normalised based on the maximum possible average fitness. Connections
is used to determine the average number of connections individuals had during simulations,
which is also normalised based on the maximum number of connections an individual can
possess (N—1). As simulations progress, the choices made by newcomers are evaluated, which
includes if they either correctly accept a connection with a cooperator or correctly reject a con-
nection with a defector. If a newcomer correctly forms a connection with a cooperator, this
will constitute a True Positive (TP); if a newcomer correctly rejects a connection with a defec-
tor, this will constitute a True Negative (TN); if a newcomer incorrectly forms a connection
with a defector, this will constitute a False Positive (FP); if a newcomer incorrectly rejects a
connection with a cooperator, this will constitute a False Negative (FN). To evaluate individual
ability to differentiate between cooperators and defectors, specificity and sensitivity metrics
are utilised. Specificity is considered as Eq (8) and sensitivity is considered as Eq (9). Specificity
will determine how well newcomers are able to identify defectors and sensitivity indicates sim-
ilarly for cooperators. As this model utilises randomly initialised networks in conjunction with
the Moran process [6], these metrics will be logged during simulations following the first 10*
steps.

TN/(TN + FP) (8)

TP/(TP + FN) (9)

Another metric that is recorded during simulations is the number of transitions that
occurred. Within the scope of this model, a transition is considered to have occurred when a
previously absent strategy emerges as a consequence of mutation and spreads across the net-
work to the point that it is the only remaining strategy. Should this value be large, this will indi-
cate that a network configuration is somewhat unstable.

With both private and public information implemented into the model, a conflict between
differing indications can arise, which can lead to erroneous decisions to be taken by individu-
als [17]. As described above, parameters p and q are utilised to determine the likelihood of a
connection being formed when only public or private information indicates a connection
should be formed, respectively. This potentially means that a conflict between public and pri-
vate information may result in a newcomer making an incorrect decision when forming con-
nections, either incorrectly rejecting a connection with a cooperator or forming a connection
with a defector. As newcomers continue to join the network during simulations, these incor-
rect decisions can potentially propagate to other newcomers as they form connections based
on their choice of role-model (see Fig 8). During simulations, the spread of these erroneous
decisions are monitored as information cascades [17]. Here, we observe the emergence of two
different kinds of information cascades. Illustrations of these cascades can be examined in Figs
7 and 8. The first kind of cascade that is monitored is the P cascade. Within the model, a P cas-
cade is considered to have occurred when a newcomer rejects a connection with a potential
cooperative neighbour when only private information indicates the connection should have
been made and public information indicates a connection should not be made. The other kind
of cascade that is monitored is the N cascade. An N cascade is considered to have occurred
when a newcomer forms a connection with a defector when only private information indicates
that the connection should have been rejected and public information indicates a connection
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Correct Pub (P) Priv (Q) Choice Cascade?
¢ C C € 0
C NC NC NC 0
C C NC NC 0
C NC C C 0
€ o NC c 0
C NC C NC P
NC C C C 0
NC NC NC NC 0
NC € NC NC 0
NC NC C C 0
NC NC C NC 0
NC C NC C N

Fig 7. Truth table for determining which combination of choices made by newcomers are considered as
contributing to cascades. The first column indicates whether the choice to connect (C) or not connect (NC) is correct.
The second and third columns show the indications from public and private information. The forth column is the
actual choice made by the newcomer. The fifth column indicates if a cascade has occurred, either P or N cascade, or if
none has occurred with 0.

https://doi.org/10.1371/journal.pone.0275909.9007

should be made. For both types of cascades, the number of cascades and their length are
recorded, which is calculated by determining the number of nodes that are present as part of
the cascade (Figs 7 and 8). An increase in these information cascades will indicate that more
newcomers are making incorrect decision when forming connections due to a conflict
between public and private information.

3 Results

To evaluate how the different methods used to consider global history can effect cooperation
and network stability, several series of simulations are carried out. In order to gain a

P-Cascade

n, Private: Yes
\\Public: No

Role model

Newcomer

N-Cascade

Role model
e
-

-
.,./ Private: No
Public: Yes

Newcomer

Fig 8. An illustration of the two types of cascades that are monitored and and how they can potentially propagate
as newcomers join the network. A P cascade is considered to have occurred when a node does not form a connection
with another cooperator based on misleading public information. A N cascade is considered to have occurred when a
node incorrectly forms a connection with a defector based on misleading public information.

https://doi.org/10.1371/journal.pone.0275909.g008
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reasonable insight into how certain network configurations can affect networks, all simulations
will run for a total of 10® steps each. These simulations are split into four different groups,
based on the method currently utilised for public information, and are further grouped based
on the balance between private and public information. Firstly, simulations are carried out
where public information is based on the number of connections a node x possesses (see Sec-
tion 2.3.1), this will provide some grounding to compare the results of the methods utilising
global history against. Following on from this, the additional methods for public information,
as described in section 2.3.2, are utilised as part of the decision making process, which are then
analysed to determine how individual decisions based on global history can affect cooperation
in networks. During these later simulations, the level of available information § is increased in
increments of 10, with a minimum of 10 and a maximum of 50.

3.1 Connection average

For the first series of simulations, newcomers only utilise the current connection average of a
node x to serve as public information, as described in Section 2.3. As S does not need to be
adjusted for these simulations, each network configuration will only consist of one series of
simulations each.

The first set of these simulations utilises private information as the primary indication for if
a connection should be formed (p = 0.25, g = 0.75). As can be observed in Fig 9a, the average
level of cooperation gradually increases as 7 is increased, which aligns with what has been
observed in previous works [17, 21]. However, further increasing 7 past a value of 1 eventually
results in a collapse of average cooperation (Fig 9a). This spike in cooperation aligns with what
can be observed for the level of fitness (Fig 9b) with significant increase followed by a sharp
decline as 7 continues to increase. Also aligning with these observations (Fig 9a and 9b) is the
number of connections formed between individuals (Fig 9¢c) with a sharp increase in overall
connections for greater values of 7. Something to note is the sharp increase in the number of
transitions (Fig 9d) which occurs as a sharp decline in cooperation occurs (Fig 9a). With public
information also present within these networks, the occurrence of information cascades are
also recorded during simulations. There is a spike in N cascades for simulations with 7~ 0 and
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Fig 9. Overall cooperation that occurs in networks gradually increases as 7 is increased in networks. However, a
collapse in cooperation eventually occurs, along with a sharp increase in network transitions. The plots visualise and
compare the metrics (see Section 2.5) of cooperation, fitness, average connectivity, number of transitions and the
count and average lengths of information cascades that occurred. Data obtained by running the model for 10° steps
utilising connection average as the method for public information where private information is prioritised.
represents the decision threshold. Shading represents level of standard error calculated for each dataset. Data
interpolated utilising RStudio [23]. Plots produced via RStudio.

https://doi.org/10.1371/journal.pone.0275909.9009
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Fig 10. Prioritising public information leads to an overall decrease in cooperation occurring in networks. The
plots visualise and compare the metrics (see Section 2.5) of cooperation, fitness, average connectivity, number of
transitions and the count and average lengths of information cascades that occurred. Data obtained by running the
model for 10% steps utilising connection average as the method for public information where public information is
prioritised. T represents the decision threshold. Shading represents level of standard error calculated for each dataset.
Data interpolated utilising RStudio [23]. Plots produced via RStudio.

https://doi.org/10.1371/journal.pone.0275909.g010

are generally short in length (Fig 9e and 9f). P cascades occur significantly more than N cas-
cades throughout simulations (Fig 9g) and are generally quite long in length for lower values
of 7 (Fig 9h).

For the next series of simulations, nodes are configured to prioritise public information
over private information (p = 0.75, g = 0.25). With these configurations, some network metrics
are largely similar to simulations where connection average was utilised (Fig 9) with some
slight decreases. The average level of cooperation present in networks is largely similar, but the
greatest point in cooperation is noticeably lower than simulations prioritising private informa-
tion (Fig 10a). The level of observed fitness is also noted to be somewhat lower (Fig 10b) than
simulations prioritising private information (Fig 9b), following similar observations noted in
previous works [17]. With public information prioritised, the number of connections formed
between individuals is also impacted, with overall less connections being formed (Fig 10c).
Although the number of transitions still increases for higher values of 7 (Fig 10d), this peak is
somewhat more subdued than simulations prioritising private information (Fig 9d). Prioritis-
ing public information also leads to some differences in the occurrences of information cas-
cades (Fig 10). When compared to simulations prioritising private information (Fig 9), the
number of N cascades that occur generally increase, particularly at higher values of 7 (Fig 10e).
The average lengths of these N cascades are also significantly greater (Fig 10f) than previously
recorded occurrences (Fig 9b). For P cascades, there is an overall decrease in occurrences, with
a peak in P cascades occurring for 7~ 0 (Fig 10g). There is also a marked increase in average
length for P cascades at lower values of 7 (Fig 10h).

3.2 Bikchandani method

We investigate the effects of the different methods that use global history in the decision-mak-
ing process and how they can affect cooperation within networks. For this series of simula-
tions, newcomers utilise the ‘Bikchandani’ method as it is described in Section 2.3.2. As
previously described (Section 3), S is initially be set as 10 and increased in increments of 10, up
to a maximum of 50. We remind that S represents that maximum number of entries that can
be stored within H, i.e. the amount of public information available to newcomers. As with
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Fig 11. Networks utilising global history are able to generate more cooperation and connections amongst
individuals as more information is made available by increasing S, which comes at a cost of increased information
cascades. The plots visualise and compare the metrics (see Section 2.5) of cooperation, fitness, average connectivity,
number of transitions and the count and average lengths of information cascades that occurred. Data obtained by
running the model for 10° steps utilising the ‘Bikhchandani’ method for public information where private information
is prioritised. T represents the decision threshold. S represents the number of entries present in global history H.
Shading represents level of standard error calculated for each dataset. S represents the number of entries present in
global history H. Shading represents level of standard error calculated for each dataset. Data interpolated utilising
RStudio [23]. Plots produced via RStudio.

https://doi.org/10.1371/journal.pone.0275909.g011

simulations utilising connection-average, the values of p and q are altered to adjust the balance
of public and private information throughout simulations (see Section 2.4).

The first series of simulations utilising the ‘Bikchandani’ method is carried out in networks
where private information is prioritised over public information (p = 0.25, ¢ = 0.75). Examin-
ing data from these simulations shows that both the value of S and how information in H is uti-
lised by individuals can affect the level of cooperation occurring in networks (Fig 11a). Firstly,
increasing the value of S in general leads to an increase in cooperation present in networks
(Fig 11a). Although, when compared to simulations utilising connection average (Fig 9a),
there is a general decrease in the level of cooperation, especially for lower values of S (Fig 11a).
A similar trend can also be observed when examining the average fitness that occurs within
these networks (Fig 11b). Increasing S leads to an increase in fitness, with the eventual spike
aligning just before the eventual collapse in cooperation for higher values of 7 (Fig 11a). Some-
thing to note here is that there comes a point where increasing S can be detrimental to fitness.
Networks set as S = 40 are able to attain a higher point of fitness than networks where S = 50
(Fig 11b). One of the most significant changes with this method is the change in the number of
connections formed between individuals (Fig 11c). Overall, the average number of connec-
tions is significantly lower when compared to connection average simulations (Fig 9c), which
may suggest that individuals are less open to forming connections with others when historical
information is available to them rather than limiting their observations of others to a specific
point in time and just considers well-connected individuals (see Section 2.3.1). Similarly,
lower values of S further decreases the number of connections formed, suggesting that individ-
uals are also less likely to form connections when little information is available (Fig 11c).
Lastly, similar to observations regarding fitness (Fig 11b), setting S = 50 slightly impacts the
number of connections formed when compared to simulations set as S = 40, which aligns with
observed fitness. Utilising this method also has some effect on the number of transitions that
occurred (Fig 11d). At higher values of 7, increasing S leads to some decreases for the number
of transitions occurring in networks.
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When compared against simulations utilising connection average (Fig 9d), the number of
transitions overall decreased when this method is utilised, which may suggest that network sta-
bility may be more viable as individuals are enabled to make more nuanced decisions when
observing others in networks. One of the more prominent areas where the effects of this infor-
mation method could be observed is in the occurrences of information cascades (Fig 11),
mainly N cascades. When the ‘Bikchandani’ method is utilised by networks, the occurring
spike in N cascades occurrences shift towards higher values of 7 (Fig 11e), rather than centered
towards 0 in networks utilising the connection average method (Fig 9¢). As S is increased, the
occurrences in N cascades significantly increased, with a difference in average length also
noted (Fig 11f). These observations suggest that newcomers are more likely to form connec-
tions with defectors when pubic information indicates a connection should be made, which
aligns with how this method functions as the indications of private information can be over-
written by the indication of public information (see Section 2.3.2). Depending on the value of
S, networks can either exceed or not exceed the number of N cascades occurrences observed
during connection average simulations (Fig 9¢). Some notable changes in P cascades are
also noted here. As information availability increases, there is a slight increase in P cascades at
7~ 0.5 (Fig 11g) and no significant difference in average length (Fig 11h). However, when
compared to connection average simulations (Fig 9c and 9d), significantly less P cascades
occurred overall when newcomers utilised the Bikchandani method when evaluating potential
neighbours.

For the next series of simulations, networks are configured to prioritise public information
over private information (p = 0.75, g = 0.25) when newcomers determine which potential
neighbours they should form connections with. In previous works [17, 21] and simulations
utilising connection average (Fig 10), prioritising public information leads to some changes in
network metrics, although they still largely resemble trends that occur in networks that priori-
tise private information (Fig 9). However, in networks where the ‘Bikchandani’ method is uti-
lised, the result is stagnation, which we consider here as no significant increases or decreases
in cooperation and connections, across all networks that utilise different 7 values (Fig 12).
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Fig 12. Cooperation in networks stagnate when public information is prioritised whilst utilising the
‘Bikhchandani’ method in networks regardless of the value of S. The plots visualise and compare the metrics (see
Section 2.5) of cooperation, fitness, average connectivity, number of transitions and the count and average lengths of
information cascades that occurred. Data obtained by running the model for 10° steps utilising the ‘Bikhchandani’
method for public information where public information is prioritised. 7 represents the decision threshold. S
represents the number of entries present in global history H. Shading represents level of standard error calculated for
each dataset. Data interpolated utilising RStudio [23]. Plots produced via RStudio.

https://doi.org/10.1371/journal.pone.0275909.g012
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Cooperation in these networks (Fig 12a) results in an average level of ~0.5 and networks
are able to avoid a sharp collapse in cooperation regardless of the current value of 7. The trade
off to this is that no networks are able to generate higher levels of cooperation. This observa-
tion aligns with the observed levels of fitness in these networks (Fig 11b). Under these condi-
tions, there is no significant difference in fitness, networks with higher values of S are only able
to attain a slightly higher level of fitness. The number of transitions that occur also stagnate
(Fig 12d), suggesting that both strategies had a difficult time propagating throughout networks
under these conditions. Examining observed connections may offer some reasoning behind
these observations (Fig 12¢). Whilst networks with greater information availability results in
slightly more connections, all networks under these configurations result in very few connec-
tions being made between individuals, especially when compared against simulations utilising
connection average (Fig 10c). Connection average also gradually increases as S is increased,
suggesting that newcomers become more open to forming connections with more information
via S, although they are still severely limited when prioritising public information. Given the
rules defined for the ‘Bikchandani’ method in section 2.3.2, these observations suggest that
when prioritising public information, newcomers are far less likely to form connections due to
a entries in H encouraging the formation of more connections. This possibly resulted in more
rejected connections and this resulting information may have further dissuaded later newcom-
ers from forming connections.

In simulations utilising connection average (Fig 10), prioritising public information leads
to some increases in the number of information cascades that occur. However, when the ‘Bik-
chandani’ method is utilised under these configurations, a significant decrease in N informa-
tion cascades occurs (Fig 12e). Increasing S still results in a gradual increase in the number of
N cascades that occur within networks (Fig 12¢) with their average length also gradually
increasing (Fig 12f). P cascades, in general, also increase in occurrence as S is increased (Fig
12g). Although here, P cascade occurrence remains high for higher values of 7, unlike simula-
tions prioritising private information where P cascades eventually drop off (Fig 11g). Here, it
is also possible to observe some notable changes in P cascade length, with networks with higher
values of S resulting in somewhat shorter P cascades (Fig 11h).

3.3 Probabilistic aggregation method

Following on from simulations utilising the ‘Bikchandani’ method, public information is
updated to utilise the probabilistic aggregation method, as described in section 2.3.2. Like pre-
vious simulations, the amount of available information via S is gradually increased in incre-
ments of 10, starting at 10 up to a maximum of 50.

For the first series of simulations utilising probabilistic aggregation, networks prioritise pri-
vate information over public information (p = 0.25, g = 0.75). Similar to ‘Bikchandani’ simula-
tions (Fig 11a), the level of cooperation that occurs within networks gradually increases as S is
increased, with networks generating slightly more cooperation (Fig 13a). Although, the differ-
ence between the highest and lowest maximum observed level of cooperation is much smaller
than in the case of ‘Bikchandani’ simulations (Fig 11a). A collapse in cooperation continues to
occur once 7 exceeds a threshold of ~1. A similar trend can be observed for the level of fitness
in these networks (Fig 13b) with greater values of S leading to a higher level of fitness and are
capable of generating a higher level of fitness than ‘Bikchandani’ simulations (Fig 11b). Net-
works observed with these parameters are also able to result in more connections being formed
between individuals (Fig 13¢) than ‘Bikchandani’ simulations (Fig 11c). The trade-off to some
of these improvements is a slight increase in the number of transitions that occurred during
simulations (Fig 13d) after a threshold of 7 is crossed at ~1, which aligns with observations
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Fig 13. Networks generate higher levels of cooperation as § is increased. When public information is based on the
probabilistic aggregation method and private information is prioritised, this results in a sharp increase in the number
of information cascades that occur within networks. The plots visualise and compare the metrics (see Section 2.5) of
cooperation, fitness, average connectivity, number of transitions and the count and average lengths of information
cascades that occurred. Data obtained by running the model for 10 steps utilising the probabilistic aggregation as the
method for public information where private information is prioritised. 7 represents the decision threshold. S
represents the number of entries present in global history H. Shading represents level of standard error calculated for
each dataset. Data interpolated utilising RStudio [23]. Plots produced via RStudio.

https://doi.org/10.1371/journal.pone.0275909.9013

regarding the collapse in cooperation (Fig 13a). Although higher values of S can suppress the
number of transitions at certain points (7~ 1 & 7 = 2), this does result in less cooperation
being generated at the highest values of 7 (Fig 13a).

One area where a dramatic difference occurs is with the number of information cascades
observed in networks (Fig 13). The number of cascades here not only exceed connection aver-
age simulations (Fig 9) but greatly exceed the number of occurrences observed for the ‘Bik-
chandani’ method (Fig 11). In general, as S is increased, the number of N cascades decreases
(Fig 13e). Although more N cascades occur under these parameters, the number of these
greatly diminishes as 7 is increased, and reaches a similar number of cascades observed in ‘Bik-
chandani’ simulations (Fig 11e) prior to the increase in cooperation at 7~ 1 (Fig 13a). Increas-
ing S also results in slightly shorter N cascades occurring (Fig 13f). The number of P cascades
that occur for lower values of 7 exceed that of ‘Bikchandani’ simulations (Fig 11g), with similar
levels of occurrence observed for higher values of 7 (Fig 13g). The average length of P cascades
(Fig 11h) also significantly decreases compared to ‘Bikchandani’ simulations (Fig 11h), which
may be due to the increase in these cascades occurring. Increasing S also results in slightly lon-
ger P cascades at lower values of 7 (Fig 11h).

To further evaluate the effects of probabilistic aggregation, networks are configured to
prioritise public information over private information (p = 0.75, g = 0.25). Similar to what
occurs with the ‘Bikchandani’ method under these conditions (Fig 12), networks here also
stagnate (Fig 14). Here, networks result in a middling level of cooperation with no collapse
occurring (Fig 14a). When examining values of 7 =~ 1, where previous peaks in cooperation
tend to occur when private information is prioritised (Fig 14a), increasing S leads to a minor
increase in cooperation. This aligns with observations regarding fitness (Fig 14b), where
increased availability of information via S leads to a slight increase in fitness. Networks here
also appear to generate slightly higher levels of fitness with additional information when com-
pared to ‘Bikchandani’ simulations (Fig 12b). A minor increase also occurs for connection for-
mation as S is increased (Fig 12¢), which aligns with observations regarding cooperation and
fitness. The connection count continues to remain very low under these conditions. Similar to
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Fig 14. Stagnation of cooperation, fitness and stability occurs in networks utilising probabilistic aggregation
when public information is prioritised over private information. The plots visualise and compare the metrics (see
Section 2.5) of cooperation, fitness, average connectivity, number of transitions and the count and average lengths of
information cascades that occurred. Data obtained by running the model for 10° steps utilising the probabilistic
aggregation as the method for public information where public information is prioritised. 7 represents the decision
threshold. S represents the number of entries present in global history H. Shading represents level of standard error
calculated for each dataset. Data interpolated utilising RStudio [23]. Plots produced via RStudio.

https://doi.org/10.1371/journal.pone.0275909.9014

‘Bikchandani’ simulations (Fig 12d), the number of transitions here (Fig 14d) are relatively
lower than connection average simulations (Fig 10d) and largely remain at the same level of
occurrence regardless of the current value of 7.

Similar to simulations prioritising private information (Fig 13), the number of cascades
observed continues to occur more frequently (Fig 14) than other utilised information types
(Figs 10 & 12). As with simulations prioritising private information (Fig 13), N cascades occur
most at the lowest value of 7 and gradually decrease in occurrence as 7 is increased (Fig 14e).
Average length also gradually decreases, with networks with greater values of S resulting in
slightly longer N cascades (Fig 14f). Unlike ‘Bikchandani’ simulations (Fig 12g), the occur-
rences of P cascades remain frequent throughout all simulations here regardless of both values
of Sand 7 (Fig 14g). Increasing S slightly decreases the average length of P cascades at higher
values of 7 (Fig 14h). One noticeable change when compared to ‘Bikchandani’ simulations (Fig
12h) is that the average length of P cascades here is much shorter (Fig 14h), although this is
likely due to an increased occurrence of these cascades at lower values of 7.

3.4 Diminishing probabilistic aggregation method

We next observe the effects of the method diminishing probabilistic aggregation, as described
in section 2.3.2. As with previous simulations, S is initially set as 10 and is increased in incre-
ments of 10 up to a maximum of 50, the weights of information types is also adjusted through-
out simulations.

Simulations here begin with networks that prioritise private information over public infor-
mation (p = 0.25, ¢ = 0.75). Similar to simulations utilising probabilistic aggregation (Fig 13a),
the level of cooperation observed in these networks gradually increases as S is increased (Fig
15a). Compared with probabilistic aggregation (Fig 13a), networks attain a higher average of
cooperation for higher values of S, whilst networks utilising lower values of S attain a lower
average of cooperation (Fig 15a). The level of fitness that occurs here (Fig 15b) follows similar
patterns to probabilistic aggregation simulations (Fig 13b) with increasing S leading to an
increase in fitness. However, in this case, there is a greater decrease here in fitness for networks
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Fig 15. Cooperation greatly increases in networks as § is increased when diminishing probabilistic aggregation is
utilised by networks. The plots visualise and compare the metrics (see Section 2.5) of cooperation, fitness, average
connectivity, number of transitions and the count and average lengths of information cascades that occurred. Data
obtained by running the model for 10° steps utilising the Probabilistic Aggregation as the method for public
information where private information is prioritised. 7 represents the decision threshold. S represents the number of
entries present in global history H. Shading represents level of standard error calculated for each dataset. Data
interpolated utilising RStudio [23]. Plots produced via RStudio.

https://doi.org/10.1371/journal.pone.0275909.9015

that utilise the least amount of information to work with (Fig 15b). Networks continue to gar-
ner an increase in connectivity between individuals as S is increased (Fig 15c¢), similar to previ-
ously observed patterns (Fig 13c). A decrease in connections formed can be observed for
networks utilising little information (Fig 15c), which aligns with observations regarding the
changes in both cooperation and fitness (Fig 15a and 15c¢). Increasing S in general leads to an
increase in transitions occurring (Fig 15d), although observations suggest there comes a point
where enough information can start to decrease the number of transitions within these net-
works, particularly for 7 = 0.8. The difference between these observed transitions (Fig 15d)
also increases when compared with probabilistic aggregation (Fig 13d).

The observations regarding information cascades (Fig 15) largely resemble that of simula-
tions utilising probabilistic aggregation (Fig 13). Compared with connection average simula-
tions (Figs 9 and 11), a significant increase in both N and P cascades occur within these
networks, particularly for lower values of 7. Networks that utilise lower values of S appear to
generally result in more N cascades occurring with a slight increase in length (Fig 15e and 15f).
Findings from these networks also suggest that in some cases, increasing the amount of infor-
mation available to newcomers can lead to increases in P cascades (Fig 15g), particularly at 7~
—1and 7~ 1. Increasing S also results in slightly longer P cascades occurring (Fig 15h).

Further simulations are then carried out where networks prioritise public information
(p =0.75, g = 0.25) whilst utilising diminishing probabilistic aggregation. As with networks
utilising other information types (Figs 12a & 14a), networks stagnate with no collapse or signif-
icant increases of cooperation occurring (Fig 16a). When compared to probabilistic aggrega-
tion simulations (Fig 14a), there is little difference in cooperation between networks that
utilise different values of S (Fig 16a). Little difference in the level of fitness can also be observed
in these networks, with only a slight increase for networks that utilised greater values of S (Fig
16b). Fitness here still remains very low compared to simulations where private information
was prioritised (Fig 15b). The number of connections formed between individuals also
decreases slightly (Fig 16¢) which may offer some reasoning behind some of the changes
observed for cooperation and fitness (Fig 16a and 16b). As with simulations utilising
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Fig 16. Stagnation occurs when public information is prioritised whilst utilising diminishing probabilistic
aggregation. The plots visualise and compare the metrics (see Section 2.5) of cooperation, fitness, average connectivity,
number of transitions and the count and average lengths of information cascades that occurred. Data obtained by
running the model for 10% steps utilising the probabilistic aggregation as the method for public information where
public information is prioritised. T represents the decision threshold. S represents the number of entries present in
global history H. Shading represents level of standard error calculated for each dataset. Data interpolated utilising
RStudio [23]. Plots produced via RStudio.
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‘Bikchandani’ and probabilistic aggregation methods under these conditions (Figs 12d & 14d),
transitions remain low with no significant difference between networks utilising differing lev-
els of information occurring (Fig 16d).

The occurrences of information cascades here (Fig 16) largely resemble the patterns
observed in probabilistic aggregation simulations (Fig 14) with only minor differences. Similar
to probabilistic aggregation simulations (Fig 14e), the majority of N cascades occur at lower
values of 7 (Fig 16e) with no significant difference between networks utilising different values
of S. Overall, the occurrences of N cascades appear to have decreased (Fig 16e) when compared
to probabilistic aggregation simulations (Fig 14e). The average length of these N cascades
remain fairly short (Fig 16f). No significant changes to the occurrences of P cascade (Fig 16g)
can be noted when compared against the previous method of information evaluation (Fig
14g), with their average length also remaining fairly short (Fig 16h), although a slight increase
in length can be observed for networks utilising more information via S.

4 Discussion

By utilising a novel computational simulation model, we have been able to observe the changes
that occur within networks when newcomers are able to observe the decisions of previous
newcomers. We show that the amount of information available to individuals and how new-
comers interpret that information can influence the dynamics of the networks, and, in particu-
lar the amount of cooperation, prosperity and instability of the population.

One of the general aspects that could be observed when global history is present is that
cooperation, fitness and networks connectivity increases as more information (controlled by
the parameter S) is made available to newcomers (Figs 11, 13 & 15). This suggests that when
global history is part of the decision-making, cooperative individuals are more open to form-
ing connections with other cooperative nodes when a sufficient amount of information is
available (Figs 11, 13 & 15). However, in general, when global history is employed, the amount
of cooperation in the population is generally lower (Figs 11, 13 & 15) than in the case of deci-
sion-making just based on the connection average method (Fig 9) where cooperative

PLOS ONE | https://doi.org/10.1371/journal.pone.0275909 November 15, 2022 20/24


https://doi.org/10.1371/journal.pone.0275909.g016
https://doi.org/10.1371/journal.pone.0275909

PLOS ONE

Cooperation dynamics in dynamical networks with history-based decisions

individuals were more likely to form connections with each other, even though this method is
restricted to examining the present state of the network. Alongside these observations, the
number of information cascades sharply increase when newcomers utilise global history as
part of their decision-making (Figs 11, 13 & 15). These results suggest that as global history is
utilised, cooperative individuals become more prone to making incorrect connection decisions
and also more reluctant to form connections, which may have contributed to decrease in coop-
eration. This may be occurring due to allowing newcomers to also consider rejected connec-
tions with global history rather than being restricted to only considering accepted connections
with the connection average method.

The networks connectivity is also affected with less, when the global history is part of the
newcomer decision-making, individuals may be more reluctant to form connections with oth-
ers than in the case of employing the connection average method and ignoring previous deci-
sions, particularly rejected connections (see Fig 9).

When the relevance of previous decisions is weighted according to their “age” (Figs 13 &
15), we have observed that, for higher values of S, networks are able to attain a higher level of
fitness (Fig 15b) than in the scenario where all previous decisions are just equally weighted,
irrespective of their timing (Fig 13b). However, the inverse of this can be observed with lower
values of S resulting in lower fitness when the age of information is considered (Fig 15b) than
in the scenario where previous decisions are all equally considered (Fig 13b). This last observa-
tion suggests that when newcomers account for more recent information as part of their deci-
sion-making, the amount of information available to newcomers can have a more pronounced
effect upon the fitness of individuals (Fig 15b), the formation of new connections (Fig 15c¢)
and the emergence of transitions (Fig 15d).

Decision-making based on the probabilistic aggregation method or the diminishing proba-
bilistic aggregation method also results in an increase of cooperation and fitness, compared to
the ‘Bikchandani’ method, which, however, comes at the cost of higher instability, as we can
see in Figs 11, 13 and 15.

A significant change in the emergence of information cascades can also be observed when
newcomers utilise the ‘Bikchandani’ method (Fig 11) than in the scenario of the probabilistic
aggregation method (Fig 13) (see Section 2.3.2). A sharp increase in the number of informa-
tion cascades occurs as probabilistic aggregation is utilised (Fig 13) when compared against
the scenario corresponding to the ‘Bikchandani’ method (Fig 11). This could also be observed
for diminishing probabilistic aggregation (Fig 15). These results suggest that when information
is used in a less decisive manner (see Section 2.3.2), this can potentially contribute to a signifi-
cant increase in the occurrences of information cascades.

These increases appear to largely occur at lower values of 7, when connections between
individuals are significantly lower (Figs 11, 13 & 15). The intuition is that, in this case, the
information regarding accepted connections will be very limited due to a lack of connections
being formed and therefore less “encouraging” information, suggesting to form connections,
will be available to newcomers. In general, utilising global history (Figs 11, 13 & 15) results in a
significant increase in the number of information cascades that occur when compared against
the cascades observed when the decision-making is based on the connection average method
that does not consider previous decisions (Fig 9). Although, the average lengths of cascades
when the decision-making uses the global history are significantly shallower (Figs 11, 13 & 15).

Also, the presence of global history in the decision-making has important consequences
when public information is prioritised over private information (Figs 12, 14 & 16). Under
these conditions, when the decision-making employs the global history and regardless of the
value of S, general stagnation with no collapses in cooperation occurs within for these net-
works (Figs 12, 14 & 16). When previous decisions are not considered (i.e., connection average
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method) for public information, there is a an overall higher level of cooperation and more con-
nections (Fig 10a and 10c). However, this comes at the cost of more instability with an increase
in the number of transitions (Fig 10d). These results also illustrate the importance of private
information when global information is utilised in the decision-making and they suggest that
without an initial push from private information, the population results in reluctant individu-
als less likely to form connections, adding more rejected decisions to the recorded global his-
tory, and therefore further dissuading future newcomers from forming connections.

Several future extensions of this work can be highlighted. All newcomers in the presented
model utilise the same method of interpreting information available to individuals. In a previ-
ous work [21], it has been considered the case where private opinion can vary amongst indi-
viduals. It’s likely that individuals in scenarios similar to what is simulated here will interpret
information in their own way and may also be influenced by other criteria such as their past
experiences or individual preferences. An individual with greater ‘social-capital’ or differing
methods of sharing information with others may also have an influence on the decision-mak-
ing undertaken by others, which may warrant further consideration [24, 25]. Further study
should be considered to examine additional network metrics for selected role-models to iden-
tify when they are likely to have greater payoffs within a network and therefore are more likely
to be chosen as role-models. It may also warrant further study to consider additional methods
of interpreting both the current connection count and changes to connections over a period of
time for individuals within networks. For example, newcomers could utilise eigenvector cen-
trality rather utilising a binary choice based on the current connection count of an individual.
It is also likely that information can also be misinterpreted or ignored by individuals during
decision-making, which also further raises questions regarding scenarios where information
shared with others can be either incorrectly or knowingly falsified by those sharing it [26-28].
An individual may also consider the reputation of another individual providing some informa-
tion, both in terms of the actions they have previously undertaken and the validity of informa-
tion they have previously shared with the network. It may warrant further research to explore
these points to further understand how the presence of information such as this can have an
impact on cooperation, particularly in scenarios where the impact of defection may not be nec-
essarily limited to an individual’s local group [29, 30].

Overall, the presented results illustrate some of the potential effects that both varying the
amount of available information to individuals and how those individuals evaluate this informa-
tion can have on cooperation in dynamical networks. The findings highlight that the way the
previous decisions are taken into account can influence both the well-being of these networks,
their cooperation and as well as the emergence of information cascades, particularly when using
all of the available information rather than just examining the difference in previous accepted
and rejected connections. As part of future work, it may be worth exploring other methods of
evaluating previous decisions, as well as the possibility of considering networks where individu-
als could choose to interpret the previous decision in an non-homogeneous way [21, 27, 28].
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