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Social media has become an important way for science communication. Some scholars have examined how to help scientists
engage with social media from operational training, policy guidance, and social media services improving. The main contribution
of this study is to construct a symbiosis evolution model of science communication ecosystem (SCE) between scientists and social
media platforms based on the symbiosis theory and the Lotka–Volterra model to discuss the evolution of their symbiotic patterns
and population size under diﬀerent symbiosis coeﬃcients. The results indicate that (1) the size of the symbiosis coeﬃcients
determines the equilibrium outcome of the symbiosis evolution of scientists and social media platforms; (2) scientists and social
media platforms can promote each other’s population size under the mutualism pattern, which can achieve sustainable science
communication; (3) “1 + 1 > 2” eﬀect can only be achieved under the symmetric mutualism pattern and the growth of scientists
and social media platforms is more stable and suﬃcient than that of other patterns. The ﬁndings will provide additional
perspectives for promoting the sustainable development of science communication based on social media.

1. Introduction
The communication between scientists and the public is
changing as we enter the information age. It is a fact of mass
communication eﬀect research that exposure is a necessary
condition for media eﬀect and that communication activities
often fail due to insuﬃcient exposure [1]. The rapid development of new media, such as social media, has brought
tremendous changes to the technological environment of
science communication [2]. It has become one of the most
inﬂuential factors in science communication, and the study
of media as an environmental factor has become a research
hotspot [3].
Social media has dramatically changed the ecological
environment of science communication. The traditional
form of media essentially disseminates information from a
single point to the target audience [4]. The emergence of
social media has created a domain-based electronic community that facilitates information interaction [5, 6]. In
addition to changing the way information is disseminated,

shortening the temporal and spatial distance between the
public and the scientiﬁc community, and creating conditions
for public participation in scientiﬁc research, changes in the
technological environment have more importantly enriched
the vector of dissemination of scientiﬁc information. Since
the publication of Robert Hook’s micrographs, images have
been placed at the center of the modern science communication process [7]. In the era of digital communication,
technological advances have enriched the transmission
medium of science and technology information. The development of video images, virtual reality, augmented reality, and mixed reality technology has created a visual
information-intensive environment for science communication and greatly expanded the dimension of interaction
between experts and the public [8].
In recent years, recognizing the enormous potential of
the changing technological environment at the level of
knowledge exchange and knowledge diﬀusion, the academic
community has begun to experiment with the use of social
media as a way to communicate their academic ideas to the
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public [9]. Through the use of social media in the process of
academic research, social media has become structurally
embedded in the scholarly communication system [10].
Scholars have conﬁrmed the possibility of using social media
for scientiﬁc research [11, 12]. Previous research has
established that researchers can build connections and
conduct academic exchanges through social media and
obtain new research ideas from them, and there is evidence
of a positive trend in this kind of use [13–15]. However,
statistics show that most scientists have yet to use social
media such as Facebook, Twitter, WeChat, and Weibo in
their professional or academic work [16]. Collins et al. (2012)
surveyed a large number of scholars from the US and UK on
the use of social media and found that 3% of them are highly
active on Twitter [17]. These data are far from the 23% of
American adult users owned by Twitter and 71% of
American adult users owned by Facebook. This gap also
shows that the habit of using social media in academic
workplaces has not yet been developed [18].
Therefore, what prevents scientists from using social
media to engage in science communication? Most scholars
believe that scientists are supposed to be dedicated to their
research, not to the promotion of their ﬁndings on social
media, and that the dissemination of science through the
media results in the undermining of scientists’ authority
[19]. “Sagan Eﬀect” has been used to describe scientists who
“risk the contempt of serious scientists by becoming science
communicators.” The bias can be roughly summed up as
scientists who are diligent in science communication are
second-rate scientists [20]. After the gradual development of
science communication, more scientists have emerged to
participate in science communication, but the “Sagan Eﬀect”
still inﬂuences scientists’ choices. Besides, it has been shown
that some scientists are fearful of using social media due to a
lack of knowledge about the usage of social media, privacy,
and other considerations, which leads to knowledge barriers
at the level of ability to use social media [21]. “Lack of time”
is another important inﬂuencing factor, time wastage has
been identiﬁed as an important barrier to scientists’ outreach
[22], in the ﬁeld of science communication, the use of social
media is considered a waste of time by some researchers
[23, 24], as well as the lack of general clarity on the beneﬁts of
participating in social media, and the fact that social media
themselves are at odds with scientiﬁc rigor make social
media unattractive to scientists [25].
Further, how to help scientists use social media? Collins
et al. (2016) advocate guiding scientists to engage with social
media by conducting professional development training
workshops or a more explicit departmental social media use
policy [26]. Training usually includes helping scientists ﬁnd
and clarify their message, learning to work with media
professionals, and preparing for the use of social media
[27–29]. The science communication training program has
developed rapidly in recent years; it emphasizes technical
communication skills and guides scientists to ﬁnd their
communication opportunities. Exemplars of programs include Alan Alda Center for Communicating Science, the
Center for Public Engagement with Science and Technology
at the American Association for the Advancement of
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Science, COMPASS, and the Portal to the Public Network
[30, 31]. From the perspective of social media platforms,
some scholars have studied the service upgrades made by
social media platforms to attract scientists and other content
creators [32]. To be an attractive platform for users (especially content creators), social media oﬀers a variety of
features, such as allowing users to create their channels,
postcontent that can be immediately shared with a wide
audience, choose to become friends with others, or subscribe
to other channels, and then comment on or choose the
content what you like [33]. Features provide an incentive for
content creators, including scientists. Also, content creators
can share revenue generated by user donations through the
platform, which supports social media to ensure its innovation and long-term viability [34]. The scale eﬀect of social
media can attract more content creators to participate in
science communication [35]. Similarly, as a major force of
science communication, the increase in the number of
groups of scientists is indicative of a strong user demand that
can lead to more niche social media-based science communication platforms [36, 37]. There is a symbiosis relationship between scientists and social media platforms, and
the population numbers between scientists and social media
platforms inﬂuence each other.
In summary, scholars have researched the current situation of scientists’ participation in social media, the reasons
for the lack of participation vitality, and the measures that
should be taken and have achieved relatively rich results. A
review of the literature reveals that existing research mainly
focuses on the individual level of scientists and social media
platforms. Scholars hope to achieve compatibility between
scientists and social media on individual changes, thereby
enhancing the vitality of scientists to participate in social
media. From an ecological point of view, scientists and social
media platforms, as two symbiotic units in the science
communication ecosystem (SCE), are symbiosis relationship, and a change in the population size of one will have an
impact on the population size of the other inevitably. In this
study, we discuss the population symbiosis between scientists and social media platforms from an ecological perspective, establish a Lotka–Volterra population competition
model between scientists and social media platforms, and
investigate the symbiosis evolution between them with
diﬀerent symbiosis coeﬃcients under a certain environmental carrying capacity, to complement the research about
scientists’ use of social media for sustainable science
communication.
The remainder of this study is mainly divided into the
following sections. Section 2 is preliminary. Section 3 introduces the symbiosis evolution model of the SCE based on
the Lotka–Volterra model. Sections 4 and 5 are simulation
analyses and conclusions, respectively.

2. Preliminary
2.1. Symbiosis Theory. The concept “symbiosis” is of Greek
origin and was ﬁrst introduced by the German mycologist
Anto de Bary in 1879 to refer to the concept of diﬀerent
genera living together in an extended material relationship
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[38]. Symbiosis is a self-organizing phenomenon and the
need for survival between living organisms is inevitably
interdependent and interactive in some way, forming a
symbiosis relationship of coexistence and synergistic evolution [39]. However, the concept of symbiosis has not yet
been harmonized due to the inﬂuence of diﬀerent disciplinary contexts. Symbiosis in the narrower sense is considered as a reciprocal, mutually beneﬁcial cooperative
relationship between species. The German scientist Buchner
considered symbiosis to be an intimate, enduring union
between two dissimilar organisms and tended to limit it to a
mutually beneﬁcial union [40]. Dale Weis deﬁnes symbiosis
as a stable, enduring, and intimate combined relationship
between several pairs of cooperators [41]. In a broad sense,
symbiosis is the existence of power relationships between
species such as metabolism and energy conversion. Margulis, an American biologist, pointed out from an ecological
point of view that “symbiosis is the union of important parts
of the life cycles of individuals of diﬀerent species” [39]. Goﬀ
(1982) pointed out that symbiosis includes various degrees of
parasitism, commensalism, and mutualism [38].
Based on the symbiosis theory, Yuan (1998) discussed
the three elements: symbiotic units, symbiotic patterns, and
symbiotic environment [42]. The symbiotic units are the
basic units of energy production and exchange that constitute the symbiosis relationship, which is the basis for the
existence of the symbiosis relationship; the symbiotic pattern, also known as the symbiosis relationship, is the form of
interaction or combination of symbiotic units, which reﬂects
not only the pattern of action between the symbiotic units
but also the intensity of action, which reﬂects the exchange
of material information between the symbiotic units, as well
as the exchange of energy between the symbiotic units; the
symbiotic environment refers to the exogenous conditions
for the development of the existence of the symbiotic pattern, and the sum of all factors other than the symbiotic units
constitute the symbiotic environment, which is the guarantee for the survival of the symbiotic units. Three elements
are indispensable as shown in Figure 1.
2.2. Structure of SCE. SCE based on social media is a
complex system composed of multiple individual users
gathered on a certain type of social media platform and
formed by the interconnection and inﬂuence of its external
network environment and the real social environment.
Similar to the natural ecosystem, the SCE has a continuous
evolutionary process from creation, expansion, maintenance
to decline. The structure is an important indicator of the
balance and sustainability of an ecosystem [43, 44]. The
structure of the SCE refers to the combination of the relatively stable interaction patterns of various components
and the internal manifestations of their temporal and spatial
relationships. This study focuses on the analysis of the
symbiosis relationship between scientists and social media
platforms in terms of the ecological chain structure of the
SCE and the ﬂow of information resources.
The ecological chain structure of the ecosystem mainly
refers to the network structure formed by the chain network
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between biological components [45]. Take natural ecosystems as an example. Although natural ecosystems vary
greatly in appearance, structure, and feature, each natural
ecosystem has three main elements, producers, consumers,
and decomposers, and realizes the smooth ﬂow of matter
and energy through the above three main elements [46, 47].
The SCE belongs to the category of the social ecosystem, but
it still has the relevant elements of the natural ecosystem.
These similarities are manifested in the similar ecological
chain structure of the natural ecosystem and the science
ecosystem, but they are still diﬀerent, as shown in Figure 2.
The natural ecological chain is composed of producers,
multilevel consumers, and decomposers. Producers and
primary consumers, primary consumers, and secondary
consumers form an ecological sequence through the preying
relationship. Producers and consumers involved in each link
of energy ﬂow are decomposed and released into the environment again to form a closed loop of energy ﬂow.
The diﬀerence between the science communication
ecological chain and the natural ecological chain is mainly
reﬂected in the changes in the relationship between producers and consumers. The relationship between producers
and consumers in the natural ecological chain is predation.
Energy ﬂow is a one-way ﬂow from producers to consumers
[48]. However, there is no traditional “predation” relationship between scientists and the public in the science
communication ecological chain, or the meaning of “predation” has been transformed into a two-way symbiosis
relationship between scientists’ access to public attention
and the public’s access to knowledge from scientists. Scientists and social media platforms, social media platforms,
and the public form a symbiosis relationship through the
ﬂow of information, and because of the addition of a twoway adjustment mechanism with feedback, the way of information ﬂow has also changed from one-way to two-way,
and the positive direction of information ﬂow represents the
process of scientiﬁc communication, and reverse ﬂow represents the process of information consultation and
feedback.

3. Methodology
This section will introduce the background and development
status of the Lotka–Volterra model at ﬁrst and then build a
model of the symbiosis evolution of SCE based on the
Lotka–Volterra model considering the speciﬁc context of the
issue. Finally, we will discuss the diﬀerent symbiosis relationships under diﬀerent symbiosis coeﬃcients and the
stable conditions at this time.
3.1. Lotka–Volterra Model. In this paper, the authors attempt to explore the symbiosis and evolution of scientists
and social media platforms in the SCE with computer
simulation methods. The SCE based on social media is an
ecosystem composed of scientiﬁc communities, social media
platforms, users, and so on. This study draws on the ecological evolution method to explore the number, structure,
and overall evolution of its internal population. From an
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Figure 1: Symbiosis evolution of symbiotic units. The symbiotic units exchange energy and information through quality parameters on the
symbiotic interface, and the new energy generated changes the symbiosis pattern and gradually realizes the symbiosis evolution.
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ecological point of view, the growth and change law of
biological populations is as follows: in a short period,
generally follow the Malthus model growth law; that is, the
population size grows exponentially; with the growth of
time, the population size gradually increases, the inﬂuence of
density constraints is increasing and showing the logistic
growth law, and the growth rate of population size becomes
slower and gradually reaches saturation. The diﬀerential
equation expression is shown in model
dN(t)
N(t)
� αN(t)1 −
.
dt
N∗

(1)

In model (1), suppose that there is one population in the
ecosystem under a certain natural growth rate α. The
population size N(t) will gradually change over time and
reach the maximum population size N∗ in a speciﬁc environment eventually. The logistic model was ﬁrst applied to
the estimation of population, and then it was widely used in
population ecology and sociology [49].
The Lotka–Volterra model is proposed by Lotka and
Volterra based on a single species logistic model, which
considers the dynamic growth of two or more populations in
the ecosystem at the same time [50], as shown in model
dN1 (t)
N (t)
N (t)
� α1 N1 (t)1 − 1 ∗ − δ 2 ∗ .
dt
N1
N2

(2)

In model (2), suppose that there are two populations in
the ecosystem under a certain natural growth rate α1 . The
population size of each species is aﬀected not only by the size
of its population but also by the size of another population.
The population size N1 (t) will gradually change over time
and reach the maximum population size N∗1 in a speciﬁc
environment eventually.
Lotka–Volterra model has good data ﬁtting and
prediction performance and is widely used in research in
various ﬁelds such as economics, business, urbanization,
and sociology. In economic research, Bernardo and
D’Alessandro (2016) studied a macroeconomic framework based on the Lotka–Volterra model to assess the
social and economic consequences of investing in lowcarbon options [51]. In business research, Khan et al.
(2018) studied the impact of low-cost airlines on Korean
full-service companies and tourism based on the Lotka–Volterra model [52]. In the urbanization research,
Assumma et al. (2019) discussed how to use the system
dynamics model and the Lotka–Volterra model to assess
regional elasticity [53]. In sociological research, Marasco
and Romano (2018) used Lotka–Volterra to study the
intergenerational conﬂicts in the American aging society
from 1974 to 2014 [54]. Ditzen (2018) studied the multinational convergence of the Lotka–Volterra model [55].
Christodoulakis (2016) used the dynamic Lotka–Volterra
model to quantitatively analyze the armed confrontation
that occurred in Greece from 1946 to 1949 and explained
the dynamics and costs of the conﬂict in the Greek Civil
War [56].

3.2. Analysis of the Symbiosis Evolution
3.2.1. Hypothesis
Hypothesis 1. There is a certain number of scientists and
social media platforms in the SCE. The population of scientists and social media platforms is aﬀected by factors such
as policy, economy, society, infrastructure, technology,
scientiﬁc research environment, and science communication
industry environment.
Hypothesis 2. Changes in the scale of scientists and social
media platforms in the social media ecology reﬂect their
respective growth conditions. The positive change in the
population size indicates the use of various science resources
in the SCE. The higher the degree, the greater the gains
obtained during the evolution of the symbiosis relationship
and the better the growth; the reverse change of the population size indicates that the population has a low degree of
utilization of various scientiﬁc resources in the SCE in the
context of science communication, and the symbiosis relationship is evolving. The income obtained is low, and the
growth of the population is poor. When the utilization rate
of a population for popular science resources is 0, it indicates
that the population is extinct.
Hypothesis 3. The growth process of the group of scientists
and social media platforms obeys the logistic growth law.
Due to the limitation of the capacity of the ecosystem, the
population growth rate when each participant grows alone
will gradually decrease as the population density increases.
Hypothesis 4. When the marginal output of the population
of scientists or social media platforms equals the marginal
input, the population growth rate tends to 0, and the
population reaches its maximum size.
3.2.2. Symbiosis Evolution Model. Assume that the two
groups grow independently and do not aﬀect each other. We
suppose that the population numbers of scientists and social
media platforms are N1 and N2 and the natural growth rates
are α1 and α2 , respectively. N∗1 and N∗2 are here used to refer
to the maximum size of the two types of the population
under the given resource elements. The dynamic evolution
equations of the two types of symbiotic units in the SCE can
be expressed as equation group
dN1 (t)
N (t)
⎧
⎪
⎪
⎪
� α1 N1 (t)1 − 1 ∗ ,
⎪
⎪
dt
N1
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎪
N (0) � N10 ,
⎪
⎨ 1
⎪
⎪
⎪
⎪
dN2 (t)
N (t)
⎪
⎪
⎪
� α2 N2 (t)1 − 2 ∗ ,
⎪
⎪
dt
N2
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎩
N2 (0) � N20 .

(3)
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In the equation group (3), the initial size of the population of scientists and social media organizations in social
media networks is N10 and N20 , respectively. α1 N1 (t) and
α2 N2 (t) are used here to refer to reﬂect the number of
scientists participating in social media and the development
trend of the population of social media platforms;
1 − (N1 (t)/N∗1 ) and 1 − (N2 (t)/N∗2 ) are the logistic coefﬁcient, which is used here to refer to the hindrance of the
growth of their scale due to the consumption of limited
resources by the two types of participants, respectively.
Considering the interaction between populations and
according to the symbiosis theory, the two types of symbiotic
units will undergo a transition from one symbiosis pattern to
another during the development process, embodying different symbiosis eﬀects and forming diﬀerent symbiosis
relationships [57]. When two types of symbiotic units interact in the SCE, the growth of each type of symbiotic unit is
not only aﬀected by its population size but also related to the
population size of the other type of symbiotic units.
According to the Lotka–Volterra model, the symbiosis coeﬃcient δ is here introduced to reﬂect the size of the
symbiosis eﬀect. Based on this, the dynamic model of the
interaction and evolution of the population of social media
scientists and social media organizations can be expressed as
equation group
dN1 (t)
⎪
⎧
⎪
�
⎪
⎪
⎪
⎪ dt
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎪
N t �
⎪
⎨ 1 0
⎪
⎪
⎪
⎪
dN2 (t)
⎪
⎪
⎪
�
⎪
⎪
dt
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎩
N2 t0  �

α1 N1 (t)1 −

N1 (t)
N (t)
− δ21 2 ∗ ,
N∗1
N2

N10 ,
(4)
N (t)
N (t)
α2 N2 (t)1 − 2 ∗ − δ12 1 ∗ ,
N2
N1
N20 .

In equation group (4), δ12 and δ21 are symbiosis coefﬁcient, which is used here to indicate the symbiosis eﬀect of
scientists participating in social media on the population size
of social media organizations and social media organizations
on the population size of scientists participating in social
media. That is, the changes of the quality parameter of the
other party caused by the interaction between the quality
parameters N1 (t) and N2 (t), δ21 (N2 (t)/N∗2 ) and
δ12 (N1 (t)/N∗1 ) indicate the degree of inﬂuence caused by
both parties, and the values of δ12 and δ21 reﬂect the symbiotic pattern of the two types of symbiosis units in the SCE.
3.2.3. Model Analysis. According to the diﬀerent value
ranges of δ12 and δ21 , the Lotka–Volterra model of the interaction of the two types of symbiotic units and their
symbiosis relationship is discussed in Table 1.
It can be seen that the result of the symbiosis evolution
between the group of scientists and social media organizations in the SCE depends on the value of the symbiosis
coeﬃcient. To study the symbiosis evolution relationship
between scientists and social media organizations, it is
necessary to analyze the equilibrium point and stability
conditions of the dynamic evolution equation and analyze
the symbiosis evolution results of the two types of symbiotic
units. When (dN1 (t)/dt) � 0 and (dN2 (t)/dt) � 0, the four
local equilibrium points of the symbiosis evolution of different symbiosis units in the social media ecological network
can be obtained, namely, E1 (0, 0), E2 (N∗1 , 0), E3 (0, N∗2 ), and
E4 ((N∗1 (1 − δ21 )/1 − δ21 δ12 ), (N∗2 (1 − δ12 )/1 − δ12 )). For the
SCE described by a system of diﬀerential equations to
participate in the evolution of the subject, the stability of its
equilibrium point can be obtained by analyzing the local
stability of the Jacobian matrix. Taking the partial derivatives
of N1 and N2 for the diﬀerential equations, in turn, the Jacobian matrix of the symbiosis evolution between scientists
and social media organizations in the SCE can be obtained as
equation (5):

N (t)
N (t)
N (t)
α1 1 − 2 1 ∗ − δ21 2 ∗ 
− α1 δ21 1 ∗
⎟
⎜
⎞
⎛
⎟
⎜
⎟
⎜
N1
N2
N2
⎟
⎜
⎟
⎜
⎟
⎜
⎟
⎜
⎟
⎜
⎟
⎟
.
J �⎜
⎜
⎟
⎜
⎟
⎜
⎟
⎜
⎟
⎜
⎟
⎜
⎟
⎜
⎝
N (t)
N (t)
N (t) ⎠
− α2 δ12 2 ∗
α2 1 − 2 2 ∗ − δ12 1 ∗ 
N1
N2
N1
The method of using the Jacobian matrix to judge
whether the equilibrium point is locally asymptotically stable
is as follows: when the system equilibrium point makes
det(J) > 0 and tr(J) < 0, then it is a stable equilibrium point.
At this time, the equilibrium point is in a locally progressive
and stable state. Therefore, in the SCE, the conditions for the
symbiosis evolution between the group of scientists and
social media organizations are det(J) > 0 and tr(J) < 0. The
speciﬁc analysis results are shown in Table 2.

(5)

4. Results and Discussion
4.1. Simulation Analysis. The two types of symbiotic units,
scientists and social media platforms, adopt a division of
labor and cooperation to create new value, generate newly
available resources, promote the evolution of symbiosis
relationships, expand the scale of the SCE through the reuse
of resources, and improve the operational eﬃciency of the
SCE. This study uses MATLAB2019a to simulate the
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Table 1: The value range of the symbiosis coeﬃcient and its corresponding symbiosis pattern. δ21 represents the inﬂuence coeﬃcient of the
scale change of population 2 on the growth of population 1.
Value range
δ12 � 0, δ21 � 0
δ12 > 0, δ21 > 0
δ12 < 0, δ21 > 0 or
δ12 > 0, δ21 < 0
δ12 < 0, δ21 � 0 or
δ12 � 0, δ21 < 0

Symbiosis
pattern
Not symbiosis
Not symbiosis

Two symbiotic units developed independently
Two symbiotic units compete maliciously

Parasitic

Two types of symbiotic units, one reduced (δ > 0) and the other beneﬁted (δ < 0)

Feature

Two types of symbiotic units, one that beneﬁts (δ < 0) and the other that does not aﬀect
Commensalism
(δ � 0)
Asymmetric mutualism between two types of symbiotic units (δ12 ≠ δ21 ); symmetric
Mutualism
mutualism between two types of symbiotic units (δ12 � δ21 )

δ12 < 0, δ21 < 0

Table 2: Equilibrium and stability condition of SCE.
Equilibrium
E1 (0, 0)
E2 (N∗1 , 0)
E3 (0, N∗2 )
E4 ((N∗1 (1 − δ21 )/1 − δ21 δ12 ),
(N∗2 (1 − δ12 )/1 − δ12 ))

det(J)

tr(J)

α1 α2
− α1 α2 (1 − δ12 )
− α1 α2 (1 − δ21 )

α1 + α2
− α1 + α2 (1 − δ12 )
− α2 + α1 (1 − δ21 )

(α1 α2 (δ21 − 1)(δ12 − 1)/1 − δ21 δ12 ) (α1 (δ21 − 1) + α2 (δ12 − 1)/1 − δ21 δ12 ) δ21 < 1, δ12 < 1

diﬀerential equations (3) to explore how the community of
scientists and social media platforms interact and evolve
symbiosis under diﬀerent values of δ12 and δ21 as shown in

⎢
⎡
⎢
⎣

N20

⎢
⎤⎥⎥⎦ � ⎡
⎢
⎣

100

100
90
80
70

(6)

⎤⎥⎥⎦.

100

This paper uses the fourth-ﬁfth-order Runge–Kutta algorithm to solve the numerical problem. It is assumed that
the natural growth rates of the population of scientists
participating in social media and the social media platforms
are α1 � 0.02 and α2 � 0.01, respectively, the maximum
growth scale of the two types of symbiosis units is
N∗1 � N∗2 � 100, when resources and environment allow,
the iteration period is set to 1000, and the simulation results
are shown in Figures 3–8 .
(1) Independent coexistence. Figure 3 shows the simulation results of the two types of symbiotic units in
the SCE under the independent coexistence pattern.
At this time, there is no symbiosis relationship between them, and the symbiosis coeﬃcient between
the scientist and the social media platform is 0. In
this pattern, the growth rate of the two types of
symbiotic units does not aﬀect each other, and the
growing scale is only aﬀected by its growth rate. In
the independent coexistence pattern, the stable
equilibrium point is (N∗1 , N∗2 ); that is, when the two
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Figure 3: Independent coexistence pattern. Changes in the size of
the two populations after 1000 iterations ( α1 � 0.02, α2 � 0.01,
δ12 � 0, and δ21 � 0).

types of symbiotic units are in equilibrium, their
growth scale reaches the upper limit. This pattern
generally exists in the early stage of the formation of
the SCE. Science communication activities not only
are related to startups but also involve various entities in the system. Therefore, this pattern is very
rare, short-lived, and unstable.
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Figure 6: Commensalism pattern. Changes in the size of the two
populations after 1000 iterations ( α1 � 0.02, α2 � 0.01, δ12 � 0,
and δ21 � − 0.1).
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Figure 5: Parasitic coexistence pattern. Changes in the size of the
two
populations
after
1000
iterations
( α1 � 0.02,
α2 � 0.01 δ12 � 0.2, and δ21 � − 0.1).

(2) Competitive coexistence. In the evolution of the SCE,
another pattern that does not exist in symbiosis is
competition and coexistence. As shown in Figure 4,
the symbiosis coeﬃcient between the scientist group
and the social media platform at this time is greater
than 0, the symbiosis coeﬃcient of the participating

social media scientists on the social media platform is
greater than 1, and the stable equilibrium point is
(N∗1 , 0). This pattern may exist when scientists have
better resources and technology from other channels. Social media platforms tend to decline due to
the consumption of a large number of resources, and
the group of scientists has survived. However, due to
mutual competition, the group of scientists has also
suﬀered losses, and it is diﬃcult to exceed the
maximum scale under its constraints N∗1 .
(3) Parasitic coexistence. Figure 5 shows the simulation
results of the parasitic symbiosis pattern of two types
of symbiotic units in the SCE. In this pattern, the
social media platforms have a positive symbiosis
eﬀect on the group of scientists participating in it,
while the group of scientists cannot give equal
returns to the social media platforms and cause a
negative symbiosis eﬀect on it. 0 < δ12 < 1 and δ21 < 0;
the stable equilibrium point at this time is
((N∗1 (1 − δ21 )/1 − δ21 δ12 ), (N∗2 (1 − δ12 )/1 − δ12 )). It
can be seen that the upper limit of the growth scale of
the scientist population under equilibrium conditions exceeds its maximum growth scale N∗1 . The
social media platform has declined due to the consumption of the resources of the scientists participating in social media, and the growth scale is far
below the maximum scale N∗2 . At the same time, with
the advancement of science communication activities, the scale of the group of scientists participating
in social media has gradually expanded. Although
the parasitic behavior of the group of scientists has
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Figure 7: Asymmetric mutualism pattern. Changes in the size of
the two populations after 1000 iterations ( α1 � 0.02, α2 � 0.01,
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Figure 8: Symmetric mutualism pattern. Changes in the size of the
two populations after 1000 iterations ( α1 � 0.02, α2 � 0.01,
δ12 � − 0.1, and δ21 � − 0.1).

hindered the development of social media platforms,
it has not formed a fatal threat, and the growth of
social media platforms has been stable at a certain
value below its maximum growth scale. At this time,

the beneﬁts of “1 + 1 > 2” have not been realized
between symbiotic units, and both of them need
more resource interaction and value sharing to
promote symbiosis evolution.
(4) Commensalism. As shown in Figure 6, in this pattern, one of the symbiosis coeﬃcients between the
social media platform and the participating scientists
is less than zero, and the other is equal to zero. The
stable equilibrium point at this time is
(N∗1 (1 − δ21 ), N∗2 ). The beneﬁts brought by the
symbiosis relationship made up for the damage that
the social media platform suﬀered in the parasitic
symbiosis pattern, and its growth scale returned to
the maximum quality parameter N∗2 of independent
growth. The group of scientists participating in social
media continues to beneﬁt through symbiosis relationships, beyond the maximum growth scale N∗1
when growing up independently. Under the commensalism pattern, the group of scientists continued
to obtain technical, capital, and equipment support
from the social media platform and gradually
returned proﬁts, talents, services, and content to
compensate for the prerequisite investment of the
social media platforms. The two types of symbiotic
units get through the most diﬃcult period for science
communication and transit into the growth phase.
(5) Asymmetric mutualism. Figure 7 shows the simulation results of the asymmetric mutualism between
scientists participating in social media and social
media platforms. The symbiosis coeﬃcients of the
two types of symbiosis units are both less than 0, but
not equal. The stable equilibrium point at this time
is ((N∗1 (1 − δ21 )/1 − δ21 δ12 ), (N∗2 (1 − δ12 )/1 − δ12 )).
The growth scale of the two types of symbiotic units
exceeds the maximum scale of independent development under the constraints of their respective
resources and environments. The upper limit of the
size of each symbiotic unit is related to the symbiosis coeﬃcient. The greater the absolute value of
the symbiosis coeﬃcient, the higher the upper limit
of its growth scale. At the same time, with the
withdrawal of funds and technologies from social
media platforms, there are more options to choose
from, and the growth momentum is accelerating. At
this time, the evolution of the SCE has gradually
entered a mature stage, and the symbiosis relationship between scientists participating in social
media and social media platforms has begun to
enter a win-win pattern.
(6) Symmetric mutualism. Symmetric mutualism is the
highest level pursued in the process of symbiosis
evolution. As shown in Figure 8, the symbiosis coeﬃcients of the two types of symbiotic units are both
less than zero and equal. The growth scale of the two
types of symbiotic units not only exceeds the maximum quality parameter of independent development but also tends to be consistent. In the
mutualism pattern, scientists involved in social
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media have close cooperation, mutual promotion,
and mutual dependence on social media platforms.
They have a good coordination mechanism and a
resource sharing mechanism and ultimately achieve
“1 + 1 > 2” economic beneﬁts.

From the above analysis, it can be concluded that the
SCE based on social media is a complex system formed by
the symbiosis and evolution of scientists and social media
platforms. The coeﬃcient of symbiosis between scientists
participating in social media and social media platforms
determines the result of the evolution of the system; diﬀerent
symbiosis relationships will eventually lead to diﬀerent
evolution directions and eventually reach an equilibrium
state. The two types of symbiosis units under the mutually
beneﬁcial symbiosis pattern have the largest growth rate,
which is the best direction for the evolution of social media
ecological symbiosis.

5. Conclusions
This study summarized the concept of the SCE based on the
actual situation, discussed the symbiosis evolution relationship between scientists and social media platforms in the
SCE based on the Lotka–Volterra model within the theoretical framework of symbiosis theory, and calculated the
equilibrium point and stability conditions of the symbiosis
evolution with the Jacobian matrix. Comparing the symbiosis evolution pattern under diﬀerent coeﬃcients, we got
some important conclusions as follows.
(1) The SCE in the context of science communication is
composed of symbiotic units including scientists and social
media platforms and interacts through diﬀerent symbiosis
patterns under the inﬂuence of economic, policy, and cultural symbiosis environments. Eventually, a self-organizing,
adaptive coordination system is formed. The process of
system integration is bound to go through stages of formation, growth, and maturity. The symbiosis relationship
between the group of scientists and social media platforms
will directly aﬀect the development of the SCE. (2) The
symbiosis coeﬃcient between scientists and social media
determines the equilibrium result of the symbiosis and
evolution of the SCE. Independent coexistence, competitive
coexistence, parasitic coexistence, and commensalism cannot promote the virtuous circle of the SCE, only if under the
mutualism pattern, scientists and social media platforms
promote each other’s population size, which can achieve
sustainable science communication. (3) The SCE based on
social media can only produce economic beneﬁts of
“1 + 1 > 2” under the symmetric mutualism pattern. The
growth of scientists and social media organizations under
the symmetric mutualism pattern is more stable and
abundant than that of other patterns.
Generally, subsequent research can be carried out from
the following aspects: (1) Introduce the research results of
this study into speciﬁc practical situations for analysis. For
example, we could conduct an empirical analysis of the
number of scientists participating in social media for scientiﬁc communication and the number of social media

platforms during a period, to make a useful supplement to
the simulation results. (2) Explore the evolution of the SCE
under the symbiosis organization mode, and discuss how it
evolves from point symbiosis, intermittent symbiosis, and
continuous symbiosis to integrated symbiosis. (3) Refer to
the existing research on complex systems, explore the
competition and cooperation mechanism and metabolism
mechanism in the SCE, and provide corresponding suggestions for more eﬀectively promoting the virtuous circle of
science communication.
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