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Abstract

Addressing collective issues in social development requires a high level of social cohesion, characterized by cooperation and close social
connections. However, social cohesion is challenged by selfish, greedy individuals. With the advancement of artificial intelligence (Al), the
dynamics of human-machine hybrid interactions introduce new complexities in fostering social cohesion. This study explores the impact
of simple bots on social cohesion from the perspective of human-machine hybrid populations within network. By investigating collective
self-organizing movement during migration, results indicate that cooperative bots can promote cooperation, facilitate individual
aggregation, and thereby enhance social cohesion. The random exploration movement of bots can break the frozen state of greedy
population, help to separate defectors in cooperative clusters, and promote the establishment of cooperative clusters. However, the
presence of defective bots can weaken social cohesion, underscoring the importance of carefully designing bot behavior. Our research
reveals the potential of bots in guiding social self-organization and provides insights for enhancing social cohesion in the era of

human-machine interaction within social networks.
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Significance Statement

Migration behavior involves individuals transitioning to different environments by changing their position. In today’s digital age, on-
line social platforms and collaborative networks play crucial roles in daily interactions and work. This expands the scope of migration
behavior beyond physical relocation to include movement within online social networks. With the advancement of Al technology, bot
agents are becoming integral to online environments, expected to address social issues. Understanding their influence on individuals
is crucial. Our research reveals that cooperative bots have the potential to disrupt the stagnant state of mobile populations, initiating
self-organizing movements and fostering social cohesion. This contributes to a deeper understanding of the impact of bots on the col-

lective behavior within networks.

Introduction

Social cohesion represents a crucial collective consciousness in
contemporary societies facing collective issues such as epidemics
(1), economic crises (2), social inequality (3), and climate change
(4). However, the establishment of a highly cohesive social system
is often hindered by individual selfish behaviors (5, 6). So far, some
studies employing evolutionary game theory (7, 8) have revealed
the generation and maintenance of social cohesion through
self-organizing processes in interpersonal interactions within
mobile population (6, 9-13), aiming to explore ways to enhance
social cohesion (14). With the advent and integration of artificial
intelligence (AI) technology in social settings, Al-driven agents,

or bots, are becoming a part of social fabric (15-17), shifting trad-
itional human-to-human interactions to a new paradigm of hu-
man-machine hybrid interactions (18-24). The impact of this
shift in interaction on social cohesion and collective behavior re-
mains unclear. This study aims to deepen the understanding of
the influence of bots on social cohesion by investigating self-
organized movements within human-machine hybrid popula-
tions, and to explore potential avenues for enhancing social cohe-
sion within such hybrid population contexts.

Social cohesion is fundamentally composed of two elements:
orientation towards the common goods and nurturing of social
relationships (6). The orientation towards the common goods involves
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cooperative behavior that individuals prioritizing collective bene-
fits over personal gains (7, 25). It is often challenged by selfish free-
riding behavior, leading to the “tragedy of the commons” (26). Over
the last few decades, various reciprocity mechanisms that sup-
port evolution of cooperation have been revealed. These include
direct reciprocity, which arises from repeated interactions (27), in-
directreciprocity that replies on the behavioral information trans-
mission (28), and network reciprocity, which is influenced by the
structure of interactions (29).

Migration is a fundamental behavior among individuals, pro-
viding a perspective for exploring the maintenance and the for-
mation of social relationships. Traditionally, migration refers to
physical movement, such as residential relocation. However, in
the information technology era, research now includes digital
network migration behavior (30-32). In online networks like
Reddit and GitHub, users can freely switch between working
groups and communities, altering their interactional relation-
ships as desired. These migration promotes the formation of self-
organized movements (33, 34). Different social interaction, in-
cluding segregation (35), interweaving (36), and aggregation (14,
37), arise in self-organizing movements driven by various migra-
tion preferences. In particular, individuals driven by payoffs tend
to form close social bonds through movement (14). This spatial
clustering during migration can enhance cooperation, but de-
pends on specific conditions, such as moderate population density
or low mobility (33, 37). Conversely, excessive greed for personal in-
terests impedes the development of cooperation, disrupts the es-
tablishment of social connections, and ultimately erodes social
cohesion (14).

Recent research has sparked interest in using Al-driven agents
or bots to study cooperation issues (38, 39). They have revealed
bots’ ability to address coordination dilemmas (21) and scaffold
cooperation (23) by integrating bots into network engineering
and game interactions (22, 24). Here, our focus extends beyond
the influence of bots on individual cooperation to their role in
the collective self-organization movements within populations.
To achieve this, we introduce bots into a mobile populations com-
prised of selfish, greedy individuals whose behavioral decisions
aim to maximize personal gains. Our model does not assume
bots possess complete knowledge of individual behavior or engage
in coordinated actions towards normal individuals (21, 22).
Instead, we enable bots to participate autonomously in migration,
using a simple behavioral design characterized by consistent
adoption of cooperative action and mobile exploration with
some randomness. As we will see, these cooperative bots can
facilitate cooperation and fostering spatial clustering within
mobile populations, thereby promoting highly social cohesion.
Interestingly, cooperative bots can break the population out of
its frozen state, stimulating the self-organization movement
among selfish, greedy individuals. The emergence and mainten-
ance of social cohesion in sparse mobile populations have often
been a challenge in human-human interactions, but the introduc-
tion of cooperative bots can solve this challenge situation in such
hybrid populations. Therefore, our study reveal the potential of
simple cooperative bots in guiding individual behavior to address
collective issues.

Model

Hybrid population

We investigate a hybrid population consisting of both bots and
greedy normal players, with proportions ¢ € [0, 0.5] and 1 — ¢ re-
spectively. This population is placed on a grid lattice network of

size N =L x L with periodic boundary and K-nearest neighboring
sites (specifically focusing on the von Neumann neighborhood
where K = 4). Each site in the network can be occupied by either
a bot/normal player, or it may remain unoccupied, so we define
the population density as p=n/N (0<p<1). Consequently, the
network contains Npg bots and Np(1 — ¢) normal players.

Our model is conducted using Monte Carlo (MC) asynchronous
simulations. In each MC time step, both of bots and normal play-
ers undergo three stages: game interaction, strategic updating,
and migration. The model architecture is depicted in Fig. 1.

Game interaction

Game interactions are implemented through a one-shot PD
game. Both of bots and normal players participate in the paired
game with their neighbors, making decisions to adopt either un-
conditional cooperation strategy (C) or unconditional defection
strategy (D). Cooperation means incurring a cost ¢ to benefit
others by an amount b, while defection does nothing. Mutual co-
operation yields a reward of R=b—c, while mutual defection
leads to a punishment of P =0 for both agents. A cooperator re-
ceives a sucker’s payoff of S=-c, whereas a defector gains a
temptation to defect payoff of T=b upon meeting each other.
To simplify the model without loss generality, we define the di-
lemma strength as r=c/(b—c) and set b—c=1 following the
method outlined in ref. (40). The payoff matrix is then re-scaled
as:

C D
C < 1 —r) 1)
D 1+r 0 )
We focus on the influence of cooperative bots which are pro-
grammed to consistently choose unconditional cooperation
without altering their behavior in interaction. We also explore
defective bots which consistently choose unconditional defec-

tion, and the corresponding outcomes are presented in the
“Supplementary Material”.

Strategic updating

We utilize an anonymous setup where normal players remain un-
aware of the presence of bots, thereby exclude potential bias
against the bots among them (41-43). The decision-making of
greedy normal players is driven by the maximization of their
own profits. They employ the “best-take-over” rule (25), imitating
the strategy of their neighbors that yields the highest payoff when
their neighbors’ payoff exceeds their own.

Migration

Normal players strategically also migrate to maximize their pay-
offs by adhering to the “success-driven” rule (34, 37). They move
to adjacent vacant sites (including their current position) that of-
fer the highest payoffs in fictitious play. To prevent bots from
being consistently exploited by their counterparts and to enhance
adaptation to the migration environment, bots are programmed
to engage in exploratory migration. Bots take random movements
with a probability of p € [0, 1] and follow the “success-driven” rule
with a probability of 1 - p.

To analyze the impact of bots on social cohesion, we utilize the
fraction of cooperation among normal players (Fc) as a metric to
evaluate how bots promote individuals to consider collective in-
terests. On the other hand, we assess the overall spatial aggrega-
tion of normal players, denoted as Agg, to gain insights into the
influence of bots on social cohesion from a spatial perspective.
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Fig. 1. Schematic diagram of model setting. A hybrid population of size n, consisting of proportional ¢ mobile bots and 1 — ¢ normal individuals deployed
on a lattice network of size N where some nodes on the network are empty (n < N) and available for agents to migrate. Panel A: normal individuals mimic
the strategy of most successful neighbors (including themselves) and migrate based on the “success-driven” rule, moving to adjacent unoccupied
location (within the shaded area) that generate the highest payoffs in fictitious play. Panel B: anonymous bots are programmed to engage in
unconditional cooperation, and migrate randomly with a probability of p, while follow “success-driven” rule with a probability of 1 —p.

Aggis the weighted average of the aggregation levels of normal co-
operators (Aggc) and defectors (Aggp), expressed as:

Agg; =

Hetlo eqc ), @)

Agg=FcxAggc + (1 - Fc) X Aggp, (3)

where Ly_¢ (Lx-p) is the average number of neighboring coopera-
tors (defectors) for normal players who adopt strategy x.

Toinvestigate how bots influence the self-organization dynam-
ics during migration, inspired by the cluster shape analysis de-
tailed in ref. (44), we introduce ic €[-1,1] and ip € [- 1, 1] as
indices to assess the clustering level of normal cooperators and
the separation level of normal defectors relative to the coopera-
tive clusters, respectively:

1 mh —mi
o=y LD 4
¢ |Qc|1.EZQC K @
1 m .. —m
A = void C, 5
P |QD|1.€ZQD K ©)

where Q¢ and Qp denote the sets of normal cooperators and nor-
mal defectors, respectively, with their respective quantities de-
noted by Qc| and [Qp|. m&, mb, and m! , are the numbers of
cooperators, defectors, and void sites within the neighborhood
of player i, respectively. A Ac approaching 1 suggests cooperators
can form tightly clusters. Conversely, a greater number of links
between cooperators and defectors result in /¢ <0, indicating a
negative assortment among cooperators (44). For ip > 0, defectors
are adjacent to cooperative clusters, and as Ap approaches 1, it in-
dicates that the degree of separation between defectors and co-
operative clusters increases. Conversely, a negative ip implies
defectors are embedded within the cooperative clusters.

For our computer simulation, we maintained a fixed grid size of
N =100 x 100. To ensure the reliability and stability of our results,

we averaged the final outcomes over 50 independent runs. Each
run involved averaging the last 5,000 time steps out of more
than 10° Monte Carlo (MC) time steps. To confirm the robustness
of our model and the obtained results, we extensively explored
various scenarios, detailed in Supplementary Material. This ex-
ploration encompassed different proportions of bots, varied mi-
gration and interaction strategies for bots, limited mobility of
normal players, and the effects of lattice network size and its
topological structure. We investigate the influence of bots across
different levels of complete information acquisition, taking into
account the strategic decisions of normal players. Furthermore,
we examine the scenarios where the decision-making processes
of normal individuals involve behavioral noise within the
Supplementary Material, aiming to validate the robustness of
the results obtained by relaxing the assumption of absolute ra-
tionality among normal individuals presented in the main text.

Results

Simple bot promote social cohesion

We begin by examining the influence of cooperative bots. Previous
studies have shown that migration can facilitate the clustering
of cooperators in populations of moderate density, thereby
enhancing network reciprocity when the dilemma strength is
low (i.e. r<1/3) (14, 45), as depicted in the left panels of Fig. 2.
However, in sparse populations (i.e. p <0.4), the abundance of
empty sites hampers the formation of cooperative clusters, result-
ing in the decline of cooperation. Under high levels of dilemma
strength (i.e. r > 1/3), cooperation cannot be sustained even with
available empty nodes and individual migration. Interestingly,
the introduction of cooperative bots significantly promote cooper-
ation among normal individuals, see the right panels of Fig. 2.
Compared to scenarios without bots, the presence of bots greatly
enhances cooperation across a wider range of population density
parameters when r < 1/3, ensuring high levels of cooperation in
both sparse and dense populations. Even under high dilemma
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Fig. 2. Simple cooperative bots facilitate cooperation and population
aggregation, promoting the establishment of highly cohesive collective
behavior. The color code indicates the fraction of cooperation (top panels)
and the degree of aggregation of normal individuals (bottom panels) as a
function of population density p and temptation r. Parameters are set to
¢=0.5 and p=0.01 for the scenario with bots.

strength, bots prove effective in maintaining cooperation.
Furthermore, only a few bots are needed to have a significant im-
pact on individual behavior, see Fig. S3 in the Supplementary
Material. At a moderate population density of p = 0.6, introducing
a minority of mobile bots is sufficient to sustain a high level of co-
operation (i.e. approximately ¢ ~ 0.02 for random mobile bots and
¢ ~ 0.11 for low-exploration bots with p =0.01). Even under high
dilemma strength, as low as ¢ ~ 0.2 proportion of low-exploration
bots can maintain cooperation.

In sparse populations, the abundance of empty nodes separat-
ing individuals leads to high isolation and low aggregation. As
population density increases, a corresponding increase in the de-
gree of aggregation as expected. Bots also can promote population
clustering. Even at low population densities (i.e. p < 0.4), bots can
induce normal individuals to aggregate, resulting in a high degree
of aggregation, as shown in the bottom panels of Fig. 2. Similarly, a
minority of bots can significantly enhance the degree of aggrega-
tion, as depicted in Fig. S4 in the Supplementary Material. These
findings demonstrate that cooperative bots not only facilitate co-
operation but also aggregate individuals, thereby promoting the
emergence of high levels of social cohesion.

Self-organizing movement

To understand the influence of mobile bots on social cohesion,
Fig. 3 depicts the temporal evolution and spatial distribution of
the population. The dynamic visualization of this process is avail-
able online at https://osf.io/tu6cq. In the absence of bots, a typical
evolutionary process unfolds (shown in the top panels of Fig. 3).
Initially, the random spatial distribution impedes the survival of
isolated cooperators, leading to a decline in the fraction of cooper-
ation (F¢) in the early stages of evolution. When migration is feas-
ible, cooperative migration further drives the aggregation into
clusters, compared to the cluster formation process without mi-
gration as discussed in (44). While empty nodes may partition
some defectors and cooperators, they also constrain further ex-
pansion of cooperators. When no more profitable positions exist,

normal individuals cease movement (with the fraction of normal
individuals who moved F,, remaining at zero), leading to a frozen
state in self-organizing movement of greedy population (37).

Interestingly, the introduction of cooperative bots disrupts this
frozen state (although the value of Fy, is low, it is not zero), as
depicted in the bottom panels of Fig. 3. It indicates that the pres-
ence of bots indirectly creates profitable positions, driving normal
individuals to move, and thus break the frozen state. More import-
antly, cooperative bots can facilitate tight cooperator cluster
formation (evidenced by continuous ¢ increase) while driving de-
fector separation from cooperative clusters (as shown by rising
Jp). This self-organizing movement, catalyzed by cooperative
bots, renders defectors defeated by tightly knit cooperative clus-
ters. Even after defectors vanish, bots can further facilitate the ag-
gregation of cooperator (The final value of ¢ stabilizes at a high
level). In the presence of behavioral noise, individuals randomly
reset their strategies and migration with a certain probability.
These stochastic behaviors can prevent the system from reaching
a complete freeze (37). Intriguingly, cooperative bots also can fos-
ter the levels of cooperation and aggregation among the popula-
tion, compare to the scenarios in the absence of bots, as
illustrated in Figs. S8 and S9 in the Supplementary Material.

However, in extremely dense populations (i.e. p=0.97), co-
operative bots fail to eliminate defectors as they cannot efficiently
drive defector separation from cooperative clusters, see top pan-
els of Fig. S2 in Supplementary Material. On the other hand, in ex-
tremely sparse populations (i.e. p <0.02), cooperative clusters
cannot be established. Under a high dilemma strength (i.e.
r=0.4), the self-organization movement promoted by the bot can-
not eliminate defection due to the payoffs advantage of the de-
fector, see bottom panels of Fig. S2 in Supplementary Material.
It is worth noting that the normal individuals’ strategy updating
and “success-driven” migration depends on access to complete in-
formation about others’ behaviors. When avenues for acquiring
such comprehensive information are restricted, individuals rely
solely on their own judgment for strategy updating (employing
the myopic principle (25), wherein normal individuals tend to
adopt a better response strategy in the current situation) and re-
sort to random migration. Results show that cooperative bots still
can to promote cooperation under conditions of limited informa-
tion, as depicted in Fig. S7 of Supplementary Material.
Nevertheless, cooperative bots no longer effectively aggregate
normal individuals, as illustrated in Fig S5 of Supplementary
Material.

The effects of bot behavior

The mobility of bots is instrumental in driving the self-organizing
dynamics of individuals. In Fig. 4 and 5, we examine the impact of
bots on social cohesion across varying migration. Our findings in-
dicate that random exploration behavior enhances bots’ ability to
promote cohesion within the population. Bots that remain static
or lack random exploration (i.e. p = 0) are unable to disrupt the fro-
zen state (with F,, remaining at 0), and fails to facilitate the segre-
gation of defectors from cooperative clusters (with Ap remains
around 0.45), thus demonstrating limited effectiveness in promot-
ing cooperation, as depicted by the two leftmost columns in Fig. 5.
Conversely, when bots can randomly migrate exploration, even
with a low level of exploration (i.e. p =0.01), they stimulate self-
organizing movement and maintain a high level of aggregation
among normal individuals, as shown in Fig. 4. Notably, bots
with random migration (i.e. p =1) can further elevate the migra-
tion level of normal individuals, resulting in a higher value of Fy,
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compared to p=0.01. This can drive the establishment of an ex-
ceptionally large cooperative cluster, as depicted in the rightmost
column of Fig. 5. However, under a high dilemma strength, bots
with high-level exploration (i.e. p>0.7) fail to promote cooper-
ation. In contrast, bots with low-level exploration can still in-
creases cooperation, as demonstrated in Fig. 4 and Fig. S1 of
Supplementary Material.

Interactive action of bots is another critical factor influencing
formation of social cohesion. When a population includes defect-
ive bots that consistently opt for unconditional defection, despite
their potential to facilitate individual migration (as illustrated in
Fig. S6 of Supplementary Material where F,, is non-zero), it does

not lead to the separation of defectors from cooperative clusters.
Moreover, the presence of defective bots diminishes the ability of
cooperative bots to promote social cohesion. Enhanced social
cohesion only occurs when the proportion of cooperative bots
within the bot subgroup exceeds a certain threshold, while both
defective and cooperative bots coexist, as depicted in Fig. S5 of
Supplementary Material.

Robustness of model

To evaluate the impact of action sequence in our model, we varied
the sequence such that all individuals migrate before engaging in
interactions and updating strategies (33). Results illustrate that al-
tering the action sequence can enhance social cohesion when co-
operative bots are involved, as shown in Fig. 510 of Supplementary
Material. However, under a high dilemma strength, bots without
migration exploration outperform those with such exploration.
When the action is limited, where individuals can only migrate
or update strategies within a Monte Carlo time step, a minority
of cooperative bots can still foster social cohesion, as depicted in
Fig. S11 of Supplementary Material. Moreover, we explore the in-
fluence of different lattice network topologies, where individuals
have broader interaction and migration ranges, as well as larger
population sizes. Results from Figs. S12 and S13 in the
Supplementary Material demonstrate the robustness of coopera-
tive bots in promoting social cohesion across diverse lattice net-
work topologies and population sizes.

Conclusions and discussions

This work employs evolutionary game theory to analyze how bot
affect collective behavior of mobile population within networks.
Results shown that cooperative bots can enhance the social cohe-
sion among selfish, greedy individuals. When these individuals
cannot find favorable migration positions, the lack of migration
motivations leads to the emergence of frozen state in population
(37). Interestingly, introduction of cooperative bots can break
this frozen state. The random exploratory movements of bots cre-
ate favorable positions, facilitating the clustering of cooperators
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Fig. 5. The random exploration of mobile bots drives the separation of defectors from cooperative clusters and facilitates the aggregation of cooperators.
Top panels show stable spatial distribution in scenarios with static bots (i.e. unable to migrate), success-driven bots (i.e. p = 0), low-exploration bots (i.e.
p=0.01) and randomly migrating bots (i.e. p = 1). Bottom panels show that the fraction of cooperation Fc, the fraction of normal individuals who have
moved Fy, clustering level of normal cooperators ic and the isolation level of normal defectors p as a function of time steps T, respectively. All stable
spatial distribution are obtained at T = 10°. These outcomes were obtained with parameter settings of p = 0.6, 7=0.2, and ¢ = 0.5.

and isolating defectors from cooperative clusters, thus leading to
the defeat of defectors by tightly knit cooperative clusters. Even a
minority of cooperative bots can promote social cohesion within
the population, see Fig. S3 of Supplementary Material. This sug-
gests that cooperative bots act as internal forces social self-
organization. The effect of cooperative bot is not limited by specif-
ic migration-imitation sequences or individual limited mobility,
nor does it rely on the population size and the topology of normal
network (refer to Fig. S10, Fig. S11 and Fig. S13 in the
Supplementary Material).

However, in extremely sparse populations, cooperative bots
cannot help the establishment of cooperative clusters. In ex-
tremely densely populations, they fail to facilitate the separation
of defectors from cooperative clusters during the self-
organization process, thus diminishing their ability to eliminate
defection. In our model, normal individual decisions rely on com-
plete information regarding neighbors’ behavior. When individu-
als lack information and resort to random movement, they rely
on self-judgment to update strategies, cooperative bots still con-
tribute to maintaining cooperation but cannot drive the aggrega-
tion of individuals. These conditions weaken the capacity of
cooperative bots to promote social cohesion. Furthermore, our
findings indicate that the presence of defective bots also hampers
the establishment of social cohesion and diminishes the efficiency
of cooperative bots in facilitating cooperation. These suggest the
need for careful consideration in the design of bot behaviors.

Our research is conducted within the context of one-shot
games, where individuals make decisions without access to infor-
mation regarding the past behavior of their co-players. While co-
operative bots share some similarities with human zealots (46-48)
—both consistently opting for cooperation—there are critical dis-
tinctions. Human zealots are rare in realistic settings, making it
impractical to rely on them for widespread application if a high
propensity for cooperation requires a substantial number of

human zealots. In contrast, the behavior and scale of digital
bots are controllable, making them effective tools for influencing
human beliefs and behaviors in various online aspects, such as
elections (49), voting (50), and political issues (51).

Our findings hold broad implications for online social platform,
particularly concerning trust and opinion conflicts. For example,
users often share opinions and collaborate with others online to
accomplish tasks. However, misinformation and hostile commu-
nication environments frequently escalate conflicts, leading users
to sever social connections and neglect collective interests. Using
cooperative bots—designed to maintain friendly communication
and provide collaborative assistance—can help create a more
congenial communication environment and propagate collective
consciousness (52). Particularly, recent advancements in large
language models exhibit impressive communication prowess
and the potential to shape individuals’ beliefs (15). This enables
the construction of these cooperative agents to facilitate connect-
ivity and communication among users, potentially enhancing co-
operation and trust within online communities. Furthermore, our
results highlight the critical role of incorporating random explora-
tory migration into bot design—allowing bots to roam different
online communities—can help bridge connections among discon-
nected users and isolated communities to shape collective
cohesion.

We employ a two-dimensional grid network, the simple
network structure, though not a fully reflection of real-life social
networks, encapsulates crucial social network features: limited
interactions among individuals and engagement with neighbors.
We anticipate that our findings remain robust, as they stem
from the involvement of bots in individual limited interactions,
which is independent of specific topological structures.
Real-world network structures may display heterogeneity and
time-varying (53), future investigations into these characteristics
will enhance understanding of bot impacts.
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In real-world, besides one-shot interactions, repeated interac-
tions are also common. Bots with simple behaviors may not suf-
fice to guide collective actions in this scenario. Instead, bots
might be susceptible to manipulation and exploitation by hu-
mans, resulting in inefficiencies (24). Further consideration of
memory-based strategy design may help explore the impact of
bots on individuals in repeated games (24, 54, 55). A key assump-
tion in our study is that humans are unaware of interacting with
bots, whether in game interactions or migration processes.
When individuals become aware that their counterparts are
bots, issues of trust in human-machine interactions (42) and
biases towards bots (41) emerge, which are critical factors affect-
ing bot efficiency. Unfortunately, the impact of these factors re-
mains unclear. Furthermore, we only focused on selfish and
greedy individuals, as this aids in our exploration of whether
bots alone can foster cooperation. However, human behavior is
motivated by various factors beyond the pursuit of self-interest
maximization. It is also influenced by social norms (56) and
various value-orientations (57). Future endeavors may benefit
from integrating diverse behavioral decisions to comprehensively
understand the impact of bots on collective behavior. Addressing
these challenges will provide deeper insights to harness bots as ef-
fective tools in solving complex social issues.
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