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The escalating use of social media in recent years has made the study of opinion dynamics a crucial area for
understanding societal trends. As digital communication platforms continue to shape collective consciousness,
understanding the evolution, interaction, and spread of opinions has become imperative. Researchers have
approached this phenomenon from a variety of perspectives, ranging from sociology to data analytics to
computational simulation. To address the challenges posed by the multifaceted and multidisciplinary nature of

this research, coupled with the recent scarcity of data, computational simulation has emerged as a key tool for
understanding opinion dynamics in social networks. This paper presents a Python library, DOCES, designed
to simulate essential features of real-world social networks. The library includes the simulation of a social
network algorithm, user prioritization, and the ability to model changes in friendships.
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1. Introduction

The use of social media has been increasing in recent years. Con-
sequently, studies on opinion dynamics have become a pivotal aspect
of understanding our society. As digital communication platforms can
shape our collective consciousness, it is crucial to understand the mech-
anisms behind how opinions evolve, interact, and propagate [1,2]. To
deal with these multifaceted phenomena, scholars have been studying
opinion dynamics from different points of view, including sociological
perspectives, data analysis, and computational simulations.
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To understand these complex social dynamics via computational
simulations, an extensive range of studies tackled the mechanisms un-
derlying social networks [3-11]. In this context, several types of opin-
ion dynamics have been modeled, which include the voter model [12],
the majority rule model [13], the bounded confidence model [14] and
so on. A realistic ingredient often added to models is the friendship
structure, represented as a network. Furthermore, since individuals can
change their friendships over time in the real world, some models also
include time-evolving (or adaptive) networks [15-17].

Agent-based models can simulate interactions between agents in a
social network, including the mechanisms behind polarization [18]. For
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example, a model can incorporate different elements of the dynamics
of online social media, such as posting, reposting, and friendship ad-
justments [19]. Other agent-based models represent specific underlying
mechanisms behind opinion dynamics [13,20-22]. For example, the
Sznajd model captures persuasion in social networks [23,24], while
friendship change and adaptive networks help explain the formation
of echo chambers [10,16,25].

The challenges posed by the scarcity of data underscore the signifi-
cance of employing simulators to study opinion dynamics within online
social networks. In this context, this paper introduces DOCES, a Python
library designed to facilitate the study of opinion dynamics in social
networks by providing an accessible and efficient simulation frame-
work. The class of models the library implements considers continuous
values of opinions for agents who are social media users.

Unlike existing frameworks (e.g., NetLogo [26], GAMA [27], and
MESA [28]), DOCES brings a more opinion-dynamic focus and is specif-
ically designed to simulate the social network environment. This in-
cludes the ability to test different social network connectivity, algo-
rithms, and user behavior. Specifically, DOCES incorporates compre-
hensive features such as configurable user behaviors, the social network
algorithm that can be used to simulate priority users, a friendship
update mechanism based on opinion alignment, and a memory list for
posts, which is a proxy for the social media feed.

With DOCES, one can control various parameters, including the
feed size and the frequency of new posts or re-posts. The models the
library is able to simulate have been extended and tuned for different
applications; for a more comprehensive understanding of the dynamics
simulated, see detailed descriptions in [4,29,30].

2. Software description

DOCES is written as a CPython extension and offers fast imple-
mentation and a user-friendly API. Here, we briefly describe the main
features of our library and show how to use it. First, as we added new
ingredients to our model, we renamed some of the model steps con-
cerning the description on the original paper [4]. The steps previously
referred to as “transmission” and “distribution” are now “posting” and
“receiving”, respectively.

The first step is to define a DOCES object with the Opinion_
dynamics constructor method (see Code Listing 1). The parameters
of this object represent the network, which is given by the number
of vertices (vertex_count), the edge list (edges, a Python list of
2-tuples), and whether the network is directed (directed, a boolean
variable). There is also an optional hidden parameter verbose, which
is set by default as True. Notice that the network structure may change
as the simulation runs depending on how it is configured.

Code Listing 1: Example of how to initialize a DOCES object

import doces
# Initializes the network parameters

# Creates a Opinion_dynamics object.
od = doces.Opinion_dynamics(
vertex_count,
edges,
directed)

The method simulate_dynamics in the Opinion_dynamics
object is used to iterate over a sequence of steps that change the
opinions of users and the network structure. Its primary outputs are a
dictionary with the resulting opinions of users as a Python list of floats
and the resulting edge list as a Python list of 2-tuples. However, it can
also output statistics from the post cascades that happened during the
iterations.

The method simulate_dynamics can be adjusted through sev-
eral dynamics parameters (Code Listing 2) before the model is run, see
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Table 1
Equivalence of filter options to equations in the original model from [4]. ‘Random’ is a
random choice from Eqs. 2—4 to each user (different users may have different options).

Option Posting filter Receiving filter
0 Eq. 2 Eq. 5

1 Eq. 6 with ¢ =0 Eq. 6

2 Eq. 4 Eq. 7

3 Eq. 3 Eq. 3

4 Random -

below. The first is the number of iterations defined for the simulation
(number_of_iterations). phi is the parameter that controls the
starting point of the receiving filter. The innovation parameter mu
controls the probability of re-posting a piece of information from the
feed. If mu = O, posts are always selected from memory lists; if mu =
1, all posts are newly created and the feed posts are never re-posted.
The posting and receiving filters (posting_filter and receiv-
ing_filter) are arrays of integers, with values from 0 to 5. These
options are equivalent to filter functions whose equations are in [4].
Table 1 describes the correspondence between options and equations.
In addition to these values, 5 can also be used to indicate a customized
configuration where each user can have a different option.

Code Listing 2: Example code to run the dynamics.

# Initializes the dynamics parameters

# Run the dynamics
output_dictionary = od.simulate_dynamics(
number_of_iterations,
phi,
mu,
posting_filter ,
receiving_filter ,
b = None,
feed_size = 5,
rewire = True,
cascade_stats_output_file = None,

min_opinion = —1,
max_opinion = 1,
delta = 0.1,
verbose True,

rand_seed = None)

opinions = output_dictionary["b"]
edge_list = output_dictionary["edges"]

There are also optional parameters that are described as follows. b is
a list of float numbers representing the opinions of the agents. The feed
(or memory list) size is defined by the integer parameter feed_size.
The rewiring condition is checked if the boolean parameter rewire
is set to True. The argument cascade_stats_output_file may
receive a string with a filename destination to store a CSV file with
statistics of the post cascades. Alternatively, one can access the same
information as a Python dictionary by using the method described in
Code Listing 3. The minimum and maximum values of opinions are
defined by min_opinion and max_opinion respectively. delta
is a float parameter that determines how much the opinion changes
when realigned (default is 0.1). As with the object definition, there is
also the possibility to set the verbose mode with the boolean parameter
verbose. The last parameter rand_seed is an integer number that
defines the random seed.

Code Listing 3: Get information from the cascades.

# To get a dictionary with all the information
stats_dict = od.get_cascade_stats_dict()



Henrique Ferraz de Arruda et al

The contents of the output dictionary are
stats_dict = {

"post_id": od.post_ids,

"theta": od.post_thetas,

"count": od.post_posted_counts,
"cascade_size": od.post_cascade_sizes,
"birth": od.post_births ,

"death": od.post_deaths,

"live_posts": od.post_live_post_counts ,
"user_opinion": od.post_user_opinions

}

FHOFHOHFH KWW W W W

Notice that the method simulate_dynamics can be both used
once with a high number of iterations to study system stability or called
many times to measure dynamical changes from the initial condition.
The variables that store measurements are kept in memory after the
simulate_dynamics method is executed.

DOCES also allows the configuration of additional parameters;
see Code Listing 4. Posting and receiving functions can be set us-
ing set_posting_filter and set_receiving_filter, respec-
tively. The parameters are set as lists with a specific probability
function for each user, using the integer options shown in Table 1.
Stubborn users (who do not change their opinion during iterations) can
also be set with set_stubborn. The parameter of this method is a
list of integers (or boolean) with a length equal to the number of nodes
in the network, where each position represents a user. The users set to
1 (or True) become stubborn, while those assigned to 0 (or False) keep
changing their opinion normally.

Code Listing 4: Methods for setting additional parameters of the
dynamics.

# Initializes the lists to be set

# Set the posting filter
od.set_posting_filter(posting_filter)

# Set the receiving filter
od.set_receiving_filter(receiving_filter)

# Set stubborn users
od.set_stubborn(stubborn_users)

Code examples are available in the GitHub repository, in the doc-
s/tutorials/ directory. These tutorials include a Python notebook with
an example of a simulation that converges to the formation of echo
chambers.

To ensure broad accessibility, DOCES is designed to be multi-
platform and has been successfully tested on various operating systems,
including Linux (Debian and Ubuntu), MacOS, and Windows.

3. Impact

Multidisciplinary researchers, including computational physicists
and computational social scientists, have been studying opinion dy-
namics in social media. To ease the simulation of opinion dynamics,
we implement DOCES, a Python library that can be easily used by
scholars and students from different areas. The single pre-requisite is
to have basic knowledge of Python programming language. For more
advanced programmers, we also allow the possibility to set and handle
the parameters and configurations of the dynamics to test a wide
range of scenarios found in real systems, such as the formation of
echo chambers or consensus. Our library combines performance and
usability to impact the simulation of a broad class of opinion dynamics.
In addition, DOCES contains all the code needed to implement the
dynamics described in [4,29,30].
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4. Conclusions and future improvements

The growing influence of social media has made the study of opinion
dynamics essential to understanding its impact on society. Given the
complexity of this research and the recent scarcity of data, compu-
tational simulation has become a critical tool. This paper presents
DOCES, a Python library with key functionality implemented in C
that simulates key aspects of real-world social networks, including
algorithm-driven content distribution, user prioritization, and evolving
network structures.

In summary, DOCES serves as a valuable resource for researchers
and students in multidisciplinary fields, facilitating computational ex-
periments of opinion dynamics. Its user-friendly interface, coupled
with the ability for advanced users to customize parameters, ensures
accessibility across different levels of expertise. DOCES allows the simu-
lation of social network algorithms, allowing each user to be calibrated
individually. Agent feeds and reposting behavior can also be calibrated.
In addition, agents can exhibit different behaviors, including a zealot
attitude. The network structure can evolve over time via friendship
rewiring. The simulation outputs the resulting network structure, user
opinions, and post dynamics, such as lifetime and reach.

In addition, future enhancements may include the ability to use ar-
bitrary functions and the refinement of rewiring dynamics for increased
realism. We also plan to implement a number of different opinion
models for comparison purposes. It is also possible to use our library
and create a graphical interface for users without Python knowledge.
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