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Abstract

With the shift of the global innovation model from traditional closed-loop to open ecosys-
tems, knowledge sharing and collaborative cooperation among firms have become key to
obtaining sustainable competitive advantages. However, existing studies mostly focus on
the static structure, and there is an insufficient exploration of the dynamic evolutionary
mechanism and multi-party game strategies. In this paper, a two-dimensional analysis
framework integrating the evolutionary game and the Lotka—Volterra model is constructed
to explore the behavioral and strategic evolution of core enterprises, SMEs and the govern-
ment in the innovation ecosystem. Through theoretical modeling and numerical simulation,
the effects of different variables on system stability are revealed. It is found that a mod-
erately balanced benefit allocation can stimulate two-way knowledge sharing, while an
over- or under-allocation ratio will inhibit the synergy efficiency of the system; a moderate
difference in the knowledge stock can promote knowledge complementarity, but an over-
concentration will lead to the monopoly and closure of the system; and the government
subsidy needs to accurately match the cost of the openness of the enterprises with the
potential benefits to the society, so as to avoid the incentive from being unused. Accord-
ingly, it is suggested to optimize the competition structure among enterprises through
the dynamic benefit distribution mechanism, knowledge sharing platform construction
and classification subsidy policy, promote the evolution of the innovation ecosystem to a
balanced state of mutual benefit and symbiosis, and provide theoretical basis and practical
inspiration for the governance of the open innovation ecosystem.

Keywords: open innovation ecosystems; evolutionary game; Lotka—Volterra model

1. Introduction

Amidst an accelerating global market and technological integration, traditional in-
novation models have become increasingly inadequate in navigating complex, dynamic
market environments [1]. As inter-firm boundaries progressively blur, this drives greater
openness in knowledge sharing [2,3]. Consequently, innovation activities are evolving from
isolated endeavors towards open collaboration [4]. Within this context, the open innovation
ecosystem has emerged as a new paradigm. The open innovation ecosystem emphasizes
the two-way flow of internal and external knowledge, shares innovation resources through
open borders, “sharing is win-win” [5], and realizes co-development with partners to break
through the limitations of the traditional organizational structure [6].
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Further encouraging enterprises, users, universities, scientific research institutions
and other subjects to collaborate under the framework of knowledge openness to promote
the technological progress of enterprises and market adaptation [7,8] has gradually become
a strategic choice for enterprises to obtain sustainable competitive advantages [9-11].
For example, Tesla has opened up its patents to promote the harmonization of technical
standards and industry development in the new energy vehicle market [12].

Currently, the open innovation ecosystem is accelerating to become an important
paradigm for industrial change, but its synergistic mechanism and governance system still
face challenges [13]. For example, the benefit distribution mechanism of different subjects
in the process of the value co-creation of innovation projects is still imperfect; insufficient
openness, the high cost of sharing, and deepening contradictions between openness and
sharing have become common problems in the innovation ecosystem [14].

Therefore, there is an urgent need to re-examine the evolution of open innovation
ecosystems from a dynamic and interactive perspective and explore how multiple actors
can form a stable cooperative and symbiotic relationship in the game. This paper innova-
tively integrates evolutionary game theory and the Lotka—Volterra model to construct a
two-dimensional analytical framework: the former reveals the dynamic game process of
knowledge opening and exclusive strategies among enterprises, and the latter simulates
the interaction law of population size under the constraints of macro resources. Through
theoretical modeling and numerical simulation, we systematically analyze the influence of
different parameter combinations on the evolution path, refine the stability conditions of
equilibrium strategies, and address the following three core research questions: first, how
do heterogeneous firms realize the synergistic evolution of knowledge sharing behaviors
through strategic adjustments in a dynamic competitive situation? Second, how do the key
factors of subject decision-making and government subsidy policy affect the stability and
efficiency of the system? Third, how does one promote the equilibrium leap from “isolation
and stagnation” to the “mutual benefit and symbiosis” of heterogeneous subjects through
institutional design?

The contribution of this paper is reflected in three aspects: First, it breaks through the
traditional static analysis paradigm and reveals the dynamic coupling mechanism between
the strategic interaction of multiple subjects and the evolution of the system, which makes
up for the inadequacy of the existing research in the interpretation of the transmission path
of micro-behavior to the macro-structure. Secondly, a synergistic regulatory framework of
the “benefit distribution-knowledge difference—policy incentive” is proposed to provide
a basis for balancing the efficiency and risk of openness. Thirdly, combined with the
practice of enterprises in a real situation, policy suggestions such as categorized subsidies
and dynamic benefit distribution are put forward to promote the transformation of open
innovation ecosystems from a theoretical model to a governance tool. This not only
expands the connotation of innovation ecosystem theory but also provides decision-making
references for the government and enterprises to optimize the competitive relationship and
build a sustainable synergistic mechanism.

2. Related Work

Existing studies have shown that the evolution of open innovation ecosystems is not
only driven by technological complexity and relies on interdependence, social exchange and
trust among enterprises but is also closely related to the game strategies and population
dynamics among the participating subjects [15], which is specifically embodied in the
behavioral differences and interaction logics among different subjects in the process of
acquiring, transforming and sharing knowledge [16].
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The game strategy determines the tendency of cooperation or competition between
subjects, and the population dynamics reflects the change and evolution direction of the
group structure, which together affect the stability and synergy of the ecosystem [17]. The
open innovation ecosystem is essentially a dynamic ecosystem that evolves synergistically
in competition and symbiosis [18].

2.1. Open Innovation Ecosystems

Regarding the theoretical framework, current research mainly focuses on platform
strategy, enterprise connectivity, knowledge collaboration ability and other analytical
frameworks for open innovation [19], showing a trend of transitioning from an individ-
ual enterprise perspective to an ecological network perspective and gradually forming
a theoretical explanation system under a multi-dimensional perspective [20]. West and
Gallagher [21], through their study of open-source software ecosystems, reveal the strate-
gic logic of platform-led enterprises to reduce technical complexity and improve system
adaptability through modular architecture, which provides an important perspective to
understand how platforms can guide peripheral innovations through structural design.
Liang Mei, Tao Zhang & Jin Chen [22] study the impact of inter-firm connectivity on open
innovation in small and medium-sized enterprises (SMEs) from the perspective of innova-
tion ecosystems. Radziwon, A. & Bogers, M [23] explored how small and medium-sized
enterprises (SMEs) can achieve open innovation through cross-organizational collaboration
in business ecosystems. Costa, J. & Matias, ].C.O. [24] explored how open innovation 4.0
can contribute to the establishment of sustainable innovation ecosystems, proposing a mul-
tilevel role of innovation ecosystems. Masucci, M., Brusoni, S. & Cennamo, C. [25] explore
how firms can address technological bottlenecks in their business ecosystems through
the strategic use of outward-looking open innovation (OOI). The study shows that SMEs
face the challenge of relying on external partners to complement their internal innovation
activities, while limited resources make it difficult for them to manage the OOI process.

2.2. Knowledge Sharing Behavior in Open Innovation Ecosystems

In the field of knowledge sharing, current research mainly interprets the behavior
of “knowledge sharing” in terms of the coupling and interaction among “knowledge—
institution—value” and emphasizes the key role of institutional design in promoting the
synergy of knowledge and the balance of benefits. The key role of institutional design
in promoting knowledge synergy and benefit balance is emphasized [26,27]. Bogers [28]
systematically constructed a dual synergistic framework of knowledge flow—value appro-
priation and systematically explained the coupling mechanism of an intellectual property
system and knowledge sharing incentives, revealing how firms can realize the balance
between knowledge sharing and value capture through the design of the governance
mechanism in open innovation ecosystems. Oberg, C. & Alexander, A.T. [29] explored
inter-firm knowledge transfer links in open innovation ecosystems and analyzed the degree
of openness of different inter-firm links and its impact on knowledge management in the
context of the innovation management and general management literature. It is pointed
out that the “openness” of open innovation is not a single dimension but a combination of
the strength of inter-firm knowledge links, the quality of collaborative relationships and
the degree of cultural fit and that firms need a trade-off between “more connections” and
“more risk”. Ferreira, J.J. and Teixeira, A.A.C. [30] explore the role of open innovation and
knowledge in promoting business ecosystems, emphasize the integration of innovation
management and open innovation theory, and analyze how different companies can im-
prove the overall performance of business ecosystems through open innovation networks
and knowledge flows.



Systems 2025, 13, 511

4 of 25

2.3. Evolutionary Games and the Lotka—Volterra Model

Evolutionary games, as an important branch of game theory, break through the as-
sumption of complete rationality in traditional game theory. Wenbin Wang [31] pointed
out that evolutionary game theory takes an evolutionary stable strategy (ESS) as the core,
emphasizing limited rationality and the dynamic adaptation mechanism [32]. Subsequently,
the theory has been continuously extended to asymmetric games, multi-subject games
and other directions, enriching its analytical framework [33-36]. Guanbing Zhao [37]
constructed an evolutionary game model of tacit knowledge sharing between upstream
and downstream enterprises in the supply chain based on knowledge potential difference.
It is found that a moderate knowledge potential difference can effectively promote tacit
knowledge sharing, while too large or too small knowledge potential differences may
inhibit sharing behavior.

Based on the evolutionary game theory, Qigang Yuan [14] systematically analyzes the
evolutionary mechanism of an open sharing relationship in innovation ecology. The study
reveals the profound influence of innovation resource value, sharing cost, irrational factors
and default cost on the open sharing behavior of innovation ecology. Shen Zhang [38]
constructs a three-party evolutionary game model including scientific data demanders, data
providers and open sharing platforms and discusses in depth the interaction of interests of
the three parties and the evolution of strategies. The study points out that the demanders’
willingness to pay is the key factor to promote the open sharing of scientific data, while the
monitoring mechanism of the open sharing platform and the incentives and penalties for
data providers significantly affect the positive sharing strategy of the providers.

The Lotka—Volterra model was originally proposed by ecologists to describe the
competitive, predatory and symbiotic relationships among biological populations [39,40].
In terms of specific applications, in recent years, the model has been widely used in the
fields of economics, management and social sciences to analyze the dynamic interactions
and synergistic evolutionary mechanisms of multiple subjects [41,42]. Based on the Lotka—
Volterra model, Wengi Duan [43] constructed a dynamic evolution model of two-body
startups and supporting resource organizations and three-body mature enterprises in the
ecosystem of crowdsourcing space, which breaks through the traditional organizational
boundaries and provides a quantitative basis for optimal resource allocation. Xu Yang [44]
combined the Lotka—Volterra model with the DPSIR framework to construct a symbiotic
system between the digital economy and real economy under the constraints of resource
and environmental carrying capacity, which reveals the non-linear characteristics of “digital—
physical” synergy. Qing Lu [45] also uses the evolutionary game and the Lotka—Volterra
model to analyze the low-carbon transition of industrial gas emitters, which supports the
dynamic optimization of the policy.

2.4. Review

In summary, existing research focuses on the analysis of the static structure of the
system, often generalizing the ecosystem dynamics or focusing on a single interaction mode,
ignoring the more complex systematic mechanism of the dynamic evolutionary process
of mathematical modeling and game mechanism. This study innovatively integrates the
evolutionary game and the Lotka—Volterra model to construct a two-dimensional analysis
framework; the former reveals the dynamic game process between knowledge opening and
exclusive strategies of the participating subjects, and the latter simulates the interaction
law of the knowledge population between strategy selection and population size. This
study verifies the validity of the model through parametric simulation. This cross-method
integration not only breaks through the limitations of traditional case studies in dynamic
modeling but also makes up for the shortcomings of a single mathematical model in the
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portrayal of the game subject’s behavior, which provides a theoretical basis and decision-
making support for enterprises to build open innovation ecosystems.

3. Model
3.1. Research Hypotheses and Parameterization

With the intensification of innovation patterns and the convergence of uncertainties in
innovation ecosystems, the innovation capacity of individual closed firms is increasingly
being challenged. The choice of government, core enterprises and SMEs as the subjects of
the game stems from the significant differences in their resource endowments, technological
capabilities and economic logic.

In the study of innovation ecosystems, the division of core enterprises and SMEs is
mainly based on the three dimensions of resource endowment, technological capability and
the economic logic of knowledge sharing behavior. First, in terms of resource endowment
and market position, core enterprises dominate the market by virtue of rich knowledge
reserves and sufficient capital and significant market control, and their knowledge sharing
behaviors aim to consolidate their competitive advantages by integrating external resources,
while SMEs are constrained by their insufficient accumulation of knowledge and limited
market share and need to realize capability leapfrogging through knowledge sharing. Sec-
ondly, in terms of technological capability and knowledge structure, core enterprises have
strong knowledge integration and collaborative innovation capabilities, and their complex
and specialized knowledge systems can generate higher direct information benefits, while
SMEs rely on complementary external knowledge and enhance their technological capa-
bilities through open learning, but their knowledge structure is relatively homogeneous.
Finally, at the level of economic logic, core enterprises have higher costs of openness but
have a dominant share of the benefits and need to weigh monopoly gains against synergy
risks, while SMEs rely more on external support to fill the benefit gap due to the low weight
of benefit sharing.

Core enterprises usually have more resources, technological advantages and market
influence and tend to accelerate innovation by acquiring external resources through open
innovation, while SMEs may face a shortage of resources and, at the same time, may realize
reverse knowledge spillovers through the accumulation of knowledge and capacity, which
may contribute to the ecosystem’s structural leap [46].

In addition, the government plays a balancing role in the openness strategy, and
government subsidies can promote proactive patent openness and mitigate technological
competition and asymmetry among firms [47]. The choice of each other’s behavior not
only affects their respective development strategies but also reflects the competition and
cooperation in the market, especially in the context of innovation transformation, SMEs
tend to need to share knowledge to improve their innovation capabilities, while core
enterprises realize the expansion of their market share through knowledge sharing.

Therefore, the main players of the game are the government, the core group of en-
terprises and the group of SMEs. Each individual shows limited rationality and makes
decisions based on limited information and continuously adjusts behavioral strategies
based on the results of the decisions, regarding whether or not to open up to reach the
equilibrium point in the evolutionary game. The game relationship between each subject is
shown in Figure 1.
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Figure 1. Game relations between subjects.

H1. Core enterprises adopt strategy set A = {share, do not share}, and SMEs adopt strategy
set B = {share, do not share}. The Government’s Strategy Set G = {subsidize, do not subsidize].
The probability that the core enterprise chooses to “share” is x, The probability of SMEs choosing
“sharing” is y. The probability of the government choosing “subsidize” is z. It is worth noting that
x,y,z € [0,1].

H2. As knowledge sharing behavior leads to the opening of technological barriers, it generates
information benefits, which are composed of three main components: direct information benefits,
cooperative information benefits, and knowledge sharing costs [48]. Direct information benefits:
self-efficacy, synergies, absorptive capacity, etc., have been proposed as key factors for open innova-
tion [49].

H3 . The knowledge structure within the firm is k o, kp, and the self-efficacy is g, qp, then the
information gain of core enterprise A in choosing to share knowledge is the gain that can be obtained
from firm B in cross-organizational knowledge sharing, denoted by kpq 4 [50]. « denotes the subject’s
existing knowledge stock.

H4. Collaborative information gain: The interaction of knowledge sharing and knowledge learning
generates collaborative information gain. a, denotes the amount of non-overlapping knowledge
between the two. C; denotes the knowledge absorption capacity of the subject and object organizations,
which determines whether they can effectively identify, absorb and transform external heterogeneous
knowledge, which in turn affects the effectiveness of boundary-crossing search for breakthrough
innovations [51]. The revenue sharing coefficient of open creation is v, and the revenue from
cooperative information obtained by core enterprise A is rn Aag’ﬁCB . SME B receives a cooperative
information benefit of (1 —r)n A tCE The potential gain to the government through knowledge

sharing behavior is R.

H5. Environmental constraints: N; denotes the number or size of population i. M; denotes the
environmental carrying capacity of a single population, O is the first mover advantage when only
one party chooses to share and the other chooses to be closed, and the open party obtains implicit
potential benefits because of its good reputation, its influence on the industry standard and so
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on, whereas when the core enterprises and small and medium-sized enterprises all choose to share,
this behavior will not obtain the first mover benefits for the subject. s denotes the coefficient of
government subsidy due to the openness of enterprises; the amount of the subsidy is determined
according to the knowledge stock of open subject a;, and the amount of the subsidy is a;s. 4 is
synergistic capacity, which represents the amount of knowledge possessed by unit B that is available
to unit A as a proportion of the total for unit B. Similarly, it represents the proportion of knowledge
possessed by unit A that can be used by unit B to the total of A.

H6. Behavioral cost: I; is the knowledge sharing cost coefficient. Knowledge sharing cost is divided
into knowledge transfer cost and capability difference cost, which mainly originates from the cost
arising from the leakage of knowledge due to the unidirectional export of knowledge by the subject
and object organizations, as well as the loss of core competitiveness due to the export of knowledge
related to core competitiveness.

From the Joseph [52] cost function, the cost of knowledge sharing is a curvilinear
increasing function of the amount of knowledge sharing. The cost of understanding in
knowledge sharing behavior is [;a;> /2. C is the cost of government strategy implementation,
and v denotes the loss of government credibility due to government inaction.

According to the model assumptions and parameter settings, the parameters of the
tripartite evolutionary game model of the manufacturer, government and public and their
definitions are shown in Table 1.

Table 1. Description of model parameters and significance.

Longitude

Parameters Meanings

Core enterprise A

XA Knowledge stock of core enterprise A

Amount of knowledge that does not overlap between core enterprises

u and SMEs
CA Knowledge absorption capacity of core enterprise A
H,; Reputational damage when only core enterprise A is not shared
ka Knowledge structure of core enterprise A
na Synergistic capacity of core enterprise A
ga Self-efficacy of core enterprise A
Ia Knowledge sharing cost factor for core enterprise A
r Revenue sharing coefficient created by knowledge sharing in core enterprise A
O First mover advantage

Proportion of knowledge possessed by unit B that is available to unit A as

Pa percentage of total B

Np Size of current volume of core enterprise A

M, Environmental maximum capacity in presence of single core enterprise A
SME B ap Knowledge stock of SME B

cB Knowledge sharing and learning factor for SME B

Hj Reputational damage when only core enterprise B is not shared

kp Knowledge structure of SME B

np Synergistic capacity of SME B
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Table 1. Cont.
Longitude Parameters Meanings
qgB Self-efficacy of SME B
Ip Knowledge sharing cost factor for SME B
1—7r Revenue sharing coefficient created by knowledge sharing in SME B

Proportion of knowledge possessed by unit B that is available to unit A as

Pr percentage of total B
N Existing volume size of SME B
My Environmental maximum carrying capacity in presence of single SME B
Government G T Direct benefits to governmens’c}s1 ;E;(;ué;?},l i)}li‘ Oe;;ample, corporate knowledge
s Government subsidy coefficient based on knowledge stock
R Potential benefits to society from knowledge sharing behaviors
C Costs of implementing government strategies
v Losses arising from decline in credibility of government

3.2. Model Building

The usual evolutionary game process is shown in Figure 2, where the replication
dynamic equation used to update the strategy frequency is % = x - (Uy — Uy). From the
equation, the increase in the probability of choosing strategy x per unit time is the difference
between the existing probability multiplied by the expected return of strategy x and the
average expected return. The equation has good descriptive ability when the perspective of
the study is put on several rational individuals. However, with the introduction of group
latitude, the game players also need to consider the resource constraints in the macro-
environment, and this implicit pressure from the macro-environment will also be reflected
in the outcome of the game. Moreover, traditional sensitivity analysis only compares
strategy adoption rates with game outcomes, failing to provide an intuitive representation
of ecosystem-scale population dynamics. This leads to the introduction of the Lotka—
Volterra competition model, which is widely used to describe the competition, predation,
symbiosis and cooperation among species and is also commonly used in economics to
portray the competitive trends in strategies, industries, markets and so on (see Formula (1)).

% =n Nl 1-— %?Nz , 1

d%:”zNz(l—Nz_FTl?Nl), @
where 1 and r, represent the natural population growth rate, Ny and N represent the
population size, 4 and Bp represent the competition coefficient, and M; and M, represent
the environmental carrying capacity. From the formula, the model utilizes (1 — %{‘Nz)
as the macroscopic external competition and natural resources on the natural growth of the
population limits.

However, a limitation exists: the natural growth rate—an ecological concept—serves
only as a macro-level proxy when applied to organizational entities, failing to capture
firm-level dynamics.

Combining the two equations, i.e., replicating the dynamic equation combined with the
Lotka-Volterra competitiveness model, describes the process of transforming the behavioral
patterns among firms and, at the same time, can help to measure the impact of the resource

situation on firms” knowledge sharing behaviors in the macro-environment and realize
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the combination of the macro- and the micro-environments. The improved Lotka—Volterra
competition equation is shown in Equation (2). In the following simulation, the improved
Lotka—Volterra competition equation will be combined to reflect the effects of different
strategies and parameter sensitivities on the final development of the innovation ecosystem

as a whole.
dN- N; N
TtlZXNl(l_Wll_ﬁAﬁzl)' (2)
dN: N- N
= 3/N2(1 - ﬁAmﬁ)/
S

Construction of
GameBenefit Matrix

~—

Y

Set initial point and
step size
|

Y

S
Calculate profits and
update strategy [«
frequency

he number of cycles No —J

1S met

Yes

Complete evolution and

output the results of
each iteration

Figure 2. Evolutionary game process diagram.

4. The Construction of a Three-Party Evolutionary Game Model
4.1. Game Payoff Matrix Construction

According to the assumptions and parameter settings in the previous section, the
benefits of the game for the three parties in the open innovation ecosystem are categorized
into eight scenarios, and the benefit matrices are shown in Table 2 below.

When both core enterprises and SMEs choose to share, for core enterprise A, the firm
receives government subsidies based on knowledge stock a4 S, direct information gains

kg4, and cooperative gains rn AaSA+CB

created by knowledge sharing behaviors and loses
the corresponding costs [4a 42 /2 due to sharing behaviors.

For SME B, the composition of cooperative benefits created by sharing behavior is
(1 — r)ngaGA*E. When one firm shares and the other does not, the firm that chooses to
share incurs a cost of sharing, [4a 42/2, and the one that chooses not to share suffers a
reputational loss, H. In particular, when both firms do not share, core enterprise A maintains
a lead O. Whether or not the firm that chooses to share receives a subsidy depends on
whether or not the government chooses subsidization. For the government, it receives
full or partial direct benefits T and potential benefits R depending on whether it shares

or not and pays administrative cost C. It loses cost s(a4 + ap) depending on whether it
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subsidizes or not. If neither core enterprises nor SMEs share and the government does not
act aggressively to subsidize, the government suffers loss v from declining credibility.

Table 2. Game payoff matrix for three parties in open innovation ecosystems.

Core Enterprise Small and Medium Enterprises Government
Ca+Cp . Ca+Cp o
(share, share, subsidize) I;iqu—t;:j;}lz + ;{;ﬂl% 72(1 r)npay T ags T+ R—s(ag+ag)—C
Cua+C Cyu+C
(share, sh'ar.e, do not kBﬂA2+ raaSAter kAq132+ (1— r)npaGatce — T+ 05R — 0.5C
subsidize) laas®/2 Igag=/2
(Shar;'lg;(;‘;tejhare' aps+0 —14a4%/2 kaqs — Hy T/2+0.5R —azs —C
(share, d:urt‘g;};f)e’ domot 5 4.2/2 kaqs — Ha T/2+0.25R — 0.5C
(do “S"J;S}:fﬁie ;hare' kgqa +O — H, aps — lgag?/2 T/2+05R —ays —C
(donot S;‘;‘g‘;;i};aer)e' domot y r4+0-H —lgag?/2 T/2+0.25R — 0.5C
do not share, do not share,
( subsidize) o 0 —s(ax+ap) = C
(do not share, do not share, o 0 C-wv

do not subsidize)

4.2. Model Building for Solving

According to the three-party benefit matrix in Table 2, the expected benefit (U,) of
core enterprise A adopting the “share” strategy, the expected benefit (U,,) of adopting
the “do not share” strategy, and the total expected benefit (Uy) are shown in Equation (3),
Equation (4), and Equation (5), respectively:

Uy =0 — Oy —a%14/2+ aasz +kpqay +ajf  Pnary (3)

Uy, = O — Hyy — 20y + kgqy +20yz 4)

Ux =xUy + (1 —X)sz
= O — Hyy — 20y — a%1ax/2+ Hyxy + kpqgay + Oxy +20yz  (5)

+aasxz — 20xyz + aip  Pnarxy

Based on the tripartite benefit matrices in Table 2, SME B’s expected benefits for
firms adopting the “share” strategy (U,1), the expected benefits for firms adopting the
“do not share” strategy (U,2), and the total expected benefits for firms (Uy) are shown in
Equations (6), (7) and (8), respectively:

U, = aCL’[“+CBan — a%lB/2 +apsz+kaqpx — a‘if‘“%mx (6)
Uy = —x(Hz — kaqp) @)
Uy = yuy1 + (1 —]/) Uyz
= Hyxy — ajlgy/2 — Hyx + kaqpx + apsyz +af Fnpxy  (8)
—alf Bugrxy

Based on the tripartite payoff matrices in Table 2, the expected payoffs to firms with
a “subsidized” strategy by government G (U1), the expected payoffs to the government
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with a “non-subsidized” strategy (U,2), and the total expected payoffs to the firms (U,) are
shown in Equations (9), (10) and (11), respectively:

Un = (Y(C = R/2=T/2+aps) = (C+s(aa +ap))(y —1))(x = 1) +x((y

—1)(C—R/2—T/2+ays) —y(C—R—T+s(ag +ap))) ®)
Up=—-(x—1)(y(R/4-C/2+T/2)+(C+v)(y—1)) —x((y—1) (10)
(R/4—C/2+T/2) —y(R/2—C/2+T))
Uz =zU, + (1_ ]/)UZZ
=2((y(C = R/2=T/2+aps) = (C+s(aa +ap))(y —1))(x
-1)+x((y—1)(C—R/2—-T/24ays) —y(C—R-T 1)

+s(aa+ap)))) +((x—=1)(y(R/4—=C/2+T/2)+ (C+v)(y
-1))+x((y—1)(R/4—-C/2+T/2) —y(R/2—-C/2
+T)(z-1)

4.3. Analysis of Equilibrium Strategies in Evolutionary Game Models

Further to the overall analysis of the three-party system, it is obtained that there is no
internal equilibrium point (x*,y",z") in the solved equations when the three-dimensional
dynamical system of the evolutionary game F(x) = 0, F(y) = 0, F(z) = 0, and therefore, eight
equilibrium points can be found, as shown in Table 3.

Table 3. Equilibrium point stability analysis.

Balance Point A A A3
ﬂle _ _ 2 _
E1(1,1,1) C/2—R/2+ s(an +ag) " —aps — Ha + 0 Hy—ads (a4la) /2
aif Pnp(r—1) ayg onar
E2(1,1,0) (a%1a) /2 — ags (a3lg) /2 — aps R/2—C/2—s(as+ap)
2 2
(a%1a)/2—0—H1 — Hy + ags — (aglp) /2 —
E3(1,0,1) C/2—=R/4+ays aeATCBy aCLIA+CBnB(r—1)
E4(1,0,0) (a%sl—)/(a%lg)/Z (a%41a)/2 R/4-— C/zzg,}ls)/
aslp) /2 — Hy + Hi—0A+4aps— (a514)/2+
E5(0,1,1 B C/2—R/4 A
( ) acuAJchnB(r _ 1) / /4+ aps a(iIAJchnAr
E6(0,1,0) aps — (a414)/2 (a31p) /2 R/4—C/2—aps
H2—(a%lB)/2— Hl—i—o—(ail/\)/Z—}-
E7(0,0,1) S(aA + aB) —-v ai[A+CBnB(r _ 1) aiIA+CBnAr
E8(0,0,0) v—s(as+ap) —(a314)/2 —(a}lg) /2

To determine evolutionarily stable strategies (ESSs), we assess the local equilibrium
stability via Jacobian matrix eigenvalues: it is unstable if all eigenvalues are positive, a
saddle point with mixed-sign eigenvalues, and asymptotically stable when all eigenvalues
are negative. The stability of the equilibrium points of E1~E8 is analyzed as shown in
Table 4.

Due to the large number of possible stabilization scenarios, six possible stabilization
equilibria are selected for discussion on the basis of ensuring generality and typicality.

E1(1,1,1) becomes the stable equilibrium strategy point of the game when C/2 —
R/2+5s(aa+ap) < 0, i.e., when the potential benefits to the government are sufficient

2
to cover the cost of government subsidies and management costs, and % —aps — Hy +
ailAJrCB ng(r —1) < 0, i.e., when the benefits of sharing and cooperation, government subsi-
dies, and potential reputational pressures on Firm B are greater than the costs of sharing.

In this case, the possible benefits of each other are greater than the possible costs of sharing
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and subsidizing, which is also the most common approach, but it is worth noting that
the satisfaction of this condition does not necessarily mean that it will converge to this
stability; there may still be other stable points in the system, and the final evolution still
needs to be analyzed in the context of the initial point and other circumstances. Under this
structure, the three main actors in the system form a synergistic positive feedback mecha-
nism: the core enterprises and SMEs have incentives to share knowledge and cooperate,
the government is willing to intervene in the form of subsidies, and the behavior of the
three parties provides mutual incentives, constituting a highly coupled, mutually beneficial
and win-win dynamic relationship within the ecosystem. Compared to other equilibrium
points, this state is the target state with the most evolutionary values because of the efficient
allocation of innovation resources, the maximization of knowledge sharing and technology
diffusion, the high degree of connectivity of the open cooperation network, and the strong
overall system effectiveness.

Table 4. Equilibrium point stability conditions.

Balance Point Stability Conditions
C/Z—R/Z-‘FS(CIA +tZB) <0,
2
E1(1,1,1) BB _ aps — Hy +aSp g (r — 1) <0,

0—Hy —aas+ (a41a) /2 —a} " Pnar <0
(a%1p) /2 —axs <0, (a3lp) /2 —aps <O,
R/2—-C/2—s(ap+ap) <0

C/2—R/A+aps <0, (a%14)/2—0A — H1 —ajf ™ nar <0,

Hy +ags — (a3lp) /2 — ac&‘HBnB(r -1)<0
E4(1,0,0) Point of instability
(a3lp) /2 — Hy +af P np(r —1) < 0,C/2 — R/4 +aps < 0,

H; —o0+aas — (a3la) /2 +ap "®nar < 0
E6(0,1,0) Point of instability
s(as+ap) —v <0,Hy— (a3lp) /2 —af *Pnp(r—1) <0

H; 40— (aila) /2 +a ™ Pnar < 0

E8(0,0,0) v—s(ag+ag) <0

E2(1,1,0)

E3(1,0,1)

E5(0,1,1)

E7(0,0,1)

E2(1,1,0) becomes the stable equilibrium strategy point of the game when (a%1,4) /2 —
aps < 0, (a3lg)/2 —ags < 0, i.e.,, when the potential government subsidy benefits are
greater than the operating costs for firms, and R/2 — C/2 —s(ag +ap) < 0, i.e,, when
potential benefits R are lower than some of the regulatory and subsidy costs for the govern-
ment. Interestingly, in this case, when the potential benefits are lower than the costs, the
government will not choose to subsidize to save costs. However, as long as the possibility
of a subsidy exists and the subsidy is attractive enough, even if the subsidy will not be
implemented in the end, it can still provide a sufficiently effective incentive for firms to
share and form a stable equilibrium strategy point in the system. This situation is represen-
tative in reality, especially in the case of limited government financial resources or a high
threshold of subsidy implementation, where the signaling effect of the subsidy policy may
be sufficient to drive the decision of knowledge sharing. From the perspective of system
operation, this equilibrium point can reduce the burden of public expenditure to a certain
extent and stimulate cooperation among enterprises, but there is a certain risk of instabil-
ity: once enterprises lose confidence in the subsidy, knowledge sharing behavior may be
quickly withdrawn. Therefore, although this state is stable, its maintenance depends on the
credibility of policy signals and the effectiveness of subsidy expectation management.

E3(1,0,1) becomes the stable equilibrium strategy point of the game when C/2 — R/4 +
aas <0, (a%41a)/2— 04— Hy —ai{ ™ Bnar <0, Hy +ags — (adlp) /2 — a5 Bnp(r — 1) <
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0, i.e., for core enterprises, the possible knowledge sharing cooperation benefits, monopoly
advantage and reputation potential pressure are greater than the cost of sharing; SMEs’
knowledge sharing benefits, monopoly advantage, and reputation potential pressure are
less than the cost of sharing; the government’s potential social benefits are greater than
the cost of management and subsidy; and core enterprises share, SMEs do not, and the
government subsidy becomes a stable equilibrium. Under this equilibrium structure,
the system mainly relies on government incentives to promote the release of knowledge
resources by core enterprises, but the synergistic effect of the system is limited by the
fact that SMEs choose not to participate, and the cooperative structure is asymmetric.
More importantly, SMEs have obvious “free-riding” behaviors in this structure: they do
not participate in the sharing but indirectly benefit from the shared outputs of the core
enterprises, such as knowledge spillovers and market connections. This structure places
higher demands on governments, whose subsidies are concentrated on supporting a single
type of enterprise, reducing the marginal output of social benefits and increasing the cost
of fiscal expenditures.

E5(0,1,1) becomes the stable equilibrium strategy point of the game when (a%15) /2 —
Hy +aiBup(r —1) <0,C/2— R/4+aps < 0,H; —o0+aus — (a4la) /2 +a5] T Bnar <
0, i.e., for core enterprises, the possible benefits of shared cooperation and monopoly
advantage, as well as the potential pressure on reputation, are less than the cost of sharing,
and for SMEs, the benefits of shared cooperation and monopoly advantage, as well as the
potential pressure on reputation, are greater than the cost of sharing, and the potential social
benefits to the government are greater than the costs of management and subsidies, and
the core enterprises do not share, SMEs share, and the government subsidy becomes the A
stable equilibrium strategy. In this case, the government subsidizes SMEs to share alone,
and under this structure, the incentive to share comes mainly from the incentives between
SMEs and the government, while the core enterprises choose to keep the technology closed
because of their own better conditions, higher costs, and greater potential risks. In the
short term, this combination of strategies can lead to a certain degree of cooperative output,
with SMEs improving their sharing capabilities through government support and the
government contributing to the partial activation of the system. However, it should be
noted that this strategy has obvious limitations compared to enterprise-wide collaborative
sharing. This type of subsidy requires a unilateral investment of resources to support SMEs’
sharing and cannot mobilize the technical and knowledge resources of core enterprises,
which generates a much lower synergy and system value than in a global cooperative
scenario. The lower marginal output efficiency of government expenditures leads to a
lower cost-effectiveness ratio of financial incentives and makes it difficult for subsidies
to generate the expected positive feedback in the system. Secondly, due to the absence of
core enterprises, the structure of cooperative networks is incomplete, knowledge flow and
sharing are limited to a part of the ecosystem, and although SMEs participate in sharing,
it is difficult for them to obtain adequate technical support, and their sharing behavior is
prone to the inefficiency of “isolated sharing”.

E7(0,0,1) becomes the stable equilibrium strategy point of the game when s(a4 + ap) —
v < 0,Hy — (a3lg) /2 — a{{ T Bup(r—1) < 0,Hy +0 — (a41a) /2 + a5 Bnyr <0, ie,
when the benefits of cooperation between core enterprises and SMEs from sharing and
reputational pressure are less than the cost of sharing, and when reputational loss to
the government is greater than the possible cost of subsidization, core enterprises and
SMEs will choose not to share and the government will choose to subsidize. In this state,
core enterprises and SMEs choose to remain closed because the sum of the benefits of
cooperation, government subsidies and reputational pressure from sharing is not enough
to cover the marginal cost of sharing; however, the government, based on its public
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responsibility, reputation maintenance or medium- to long-term social returns, believes
that the crisis of trust, policy failure or loss of institutional credibility caused by non-
subsidization will bring more negative impacts and therefore chooses to continue to provide
subsidy support. Therefore, the government chooses to continue to provide subsidized
support. This structure reveals the characteristics of the government’s “unilateral push”
subsidy game: the government invests resources to maintain the existence of the policy
incentives despite the lack of response at the firm level and the failure to establish a
genuine mechanism for sharing and cooperation. In reality, this state of affairs can be
seen in the early stage of policy implementation or management, where the government
chooses to invest first to stabilize the sharing expectations and maintain the credibility of
the system. However, due to the lack of the actual participation of enterprises, it is difficult
to stimulate knowledge synergies or form an effective closed loop of cooperation. From
the perspective of resource allocation, E7 is an inefficient and unsustainable equilibrium
structure. The government subsidy fails to produce the actual desired effect and only
creates financial expenditure without realizing the output transformation, so the use of
resources is inefficient; enterprises are generally closed due to a lack of confidence or
insufficient incentives, and the system as a whole is in a state of “incentive idling”. If this
state is maintained for a long time, the government is likely to weaken or even cancel the
subsidy support after evaluating the cost and effect, and the system will probably slip
further into the completely closed equilibrium of E8(0,0,0).

E8(0,0,0) becomes the stable equilibrium strategy point of the game when
v—s(aag+ap) <0, ie., when the cost to the government of subsidizing both firms is
greater than the loss of reputation, the firms are likely to enter into a state of suspension,
affecting their long-term development. In this case, the system relies heavily on the initial
willingness to share, or an external fluctuation, to get out of this situation. This equilibrium
point reflects a state of total failure of system incentives, where all actors adopt negative and
conservative strategies, and the sharing and cooperation behaviors fall into a “zero-action”
dilemma. From the perspective of evolutionary game, although this state may have stability
under certain parameter combinations, it is the equilibrium with the lowest efficiency and
weakest synergy value. At this time, the system as a whole is at a standstill: not only is the
flow of knowledge resources made difficult and the mechanism of collaborative innovation
made stagnant, but a shared degradation path may also be formed, which, in the long
run, can seriously constrain the accumulation of the individual capacity of the enterprise
and the technological evolution of the ecosystem as a whole. More importantly, under
this equilibrium structure, the system is highly sensitive to the initial conditions. If the
initial willingness to share is insufficient, the system will easily slip into the inefficient
equilibrium, and it will be difficult to get out of it spontaneously, showing obvious path
dependence. If the external perturbation is insufficient, the path dependence and nega-
tive lock-in mechanism will inhibit the generation of new technological paths, which is a
structural challenge in the evolution of the innovation ecosystem [53].

5. Numerical Simulation of Evolutionary Game Models
5.1. Case Selection and Parameter Setting

The field of new energy vehicles in China, with a high patent sharing density of
32.7% and institutionalized knowledge collaboration mechanisms, has become a model for
breaking down barriers to knowledge flow in the manufacturing industry. In 2024, the total
output of new energy vehicles in the four provinces and one city of the Yangtze River Delta
(Jiangsu, Zhejiang, Anhui, Jiangxi, and Shanghai) accounted for over 40% of the national
total. Therefore, this study selects the four provinces and one city of the Yangtze River
Delta New Energy Vehicle and Parts Industry Chain Quality Innovation Consortium as a
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case study. The project was jointly initiated by the market supervision departments of four
provinces and one city in Jiangsu, Zhejiang, Anhui, Jiangxi, and Shanghai, successfully
promoting a 40% reduction in the pilot period of the first 12 projects and accelerating
knowledge transfer. Core enterprises such as Chery and Xinwangda lead the development
of technology standards and share patent pools, triggering collaborative innovation in the
industry chain through open core patents and reducing research and development costs.
Small and medium-sized enterprises such as Zichen Technology and Lijin Technology rely
on alliance resources to obtain technology spillovers, reduce supporting costs through
standard mutual recognition, and share the industry education integration cultivation
system to enhance technology absorption capacity. The selected case highly fits the research
hypothesis in terms of the tripartite roles of “core enterprises—small and medium-sized
enterprises—government”, knowledge sharing effects, and policy intervention mechanisms.
It should be noted that the initial parameters are determined based on the development of
the Jiangsu Zhejiang Anhui Jiangxi Shanghai New Energy Vehicle and Parts Industry Chain
Quality Innovation Consortium, and the reference data from the “Jiangsu Province Power
and Energy Storage Battery Industry Development Report (2025)”, “Three Year Action
Plan for Integrated Development in the Yangtze River Delta Region (2024-2026)” and the
relevant research literature are used to form the initial values of the control group [54,55],
as shown in Table 5.

Table 5. Initial values of evolutionary game parameters.

oA ay cA H; ka na qa Ia r (0] ,BA N; M, [13:]
5 2.5 0.6 0.6 1.5 1.5 0.8 0.1 0.7 3 0.4 100 300 3
CB H2 kB ng ds lB BB N2 M2 T S R C v
0.6 0.5 1 0.4 1 0.2 0.3 0.4 200 300 2 3 0.8 0.3

To validate theoretical stability results and investigate how initial willingness and key
parameters (the benefit distribution ratio, knowledge stock, environmental capacity, and
competition coefficient) influence evolutionary paths, we conduct sensitivity analysis using
Matlab 2024a simulations.

To make the evolving tripartite simulation system finally reach the ideal state, i.e.,
E1(1,1,1) becomes the system’s evolutionary stabilization strategy, it needs to satisfy the fol-
lowing two conditions: C/2 — R/2+s(as +ag) <0, ’%# —aps — Hy +aj} “Pnp(r —1) <
0. Considering the actual situation of knowledge sharing in real enterprise sharing
behaviors and referring to the relevant studies, the initial values of the parameters of
the model of the control group are set, as shown in Table 5, and satisfy the condi-
tion of E1(1,1,1) by the substitution test: the condition of C/2 — R/2+s(as +ap) <
0, ”%# —aps — Hy +a# *Pnp(r — 1) < 0, with E8(0,0,0) condition, v — s(as +ag) < 0. The
simulation results of the evolution path of the control group are shown in Figure 3 below,
from which it can be seen that all the different initial points in this system will finally evolve
to E1(1,1,1) and point E8(0,0,0). At this point, the core enterprises and SMEs all choose to
share and the government chooses to subsidize as a stabilizing strategy in this case, and at
the same time, the core enterprises and SMEs all do not share and the government does not
subsidize as another stabilizing strategy in this case. Two opposite stabilization scenarios
emerge in the same environment.
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Figure 3. System evolutionary path scenarios.

5.2. Initial Strategy Simulation Analysis

To systematically assess initial condition sensitivity, we discretize the strategy space
(x,y,2z) with 0.1-step nodes per dimension, generating 1331 initial points that uniformly
sample the unit cube. This kind of full-space scanning method can help to explore the
convergence trend of the system under different initial states and reveal the sensitivity of
the evolution process to the initial conditions. As shown in the results of Figure 4, 53.4% of
the points finally converge to (1,1,1). That is, all three parties, i.e., core enterprises, SMEs
and government, choose sharing and subsidizing. This result suggests that with a higher
initial willingness to share, the market information becomes more transparent, the level
of trust between subjects increases, and the probability of the free-riding phenomenon is
significantly reduced, which strengthens the government’s incentive to provide subsidies
and pushes the system to enter a virtuous circle of collaborative sharing more quickly. This
further confirms that the willingness to share at the initial stage of the system has a key
influence on the final evolution path of the innovation ecosystem. Therefore, creating a
sharing atmosphere that encourages sharing and mutual trust and cooperation is of great
significance in enhancing the benefits of inter-organizational cooperation and constructing
a stable synergy mechanism. To ensure simulation validity, initial strategy probabilities for
all three agents are set to 0.5—a neutral starting point—revealing true evolutionary trends
across parameter combinations.

[@ -000) e —(11)]

Figure 4. Convergence at the initial point.
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5.3. Sensitivity Analysis
5.3.1. The Effect of Gain Sharing Coefficients on the Evolution of Knowledge
Sharing Behavior

Figure 5 shows the effect of the revenue sharing coefficient on the sharing behavior of
firms and the final number of firms’ development, while other parameters remain constant.
The coordinated evolution and sustainable development of innovation ecosystems can
be impeded by either too high or too low a share of benefits allocated to core enterprises.
This is consistent with the research results of Lu Fangyuan et al. [56]. When the core
enterprises take up too high a share of the benefits of cooperation, although they are more
inclined to share in the short term, the over-concentrated distribution of benefits severely
discourages SMEs from sharing, leading to a decline in the efficiency of government
subsidies and ultimately inhibiting the long-term sharing benefits of the core enterprises,
making it difficult for them to realize the effective transformation of resources and ecological
linkages, and the system evolution falls into a structural imbalance. Conversely, excessively
low benefit allocation ratios for core enterprises incentivize short-term SME sharing but
induce core enterprise withdrawal due to unfavorable cost-return dynamics, eroding
systemic cooperation foundations. It is difficult for SMEs to stimulate the potential value
of cooperation individually, and the government also reduces subsidies due to the lack
of stable returns, and the system as a whole eventually tends to decline in sharing or
even collapse in cooperation. Therefore, setting up an appropriate and balanced benefit
distribution mechanism is a key strategy to maintain the motivation of multiple actors
in the system, enhance the efficiency of resource allocation, and promote the synergistic
evolution of the innovation ecosystem. It is suggested that the system should be designed
to ensure a dynamic and adjustable distribution of cooperation dividends between the
advantaged and SMEs, stimulate the two-way sharing dynamics, and promote the benign
development of the ecosystem through the government’s reasonable subsidy mechanism.

5.3.2. The Impact of Knowledge Inventory on the Evolution of Sharing Behavior

Figure 6 shows the effects of the knowledge stock of core enterprises and the amount
of knowledge that does not overlap between firms on the sharing behavior of firms, while
other parameters remain constant. It can be seen that the knowledge stock of core en-
terprises and the amount of knowledge that does not overlap with that of SMEs have a
bi-directional effect on the sharing evolution of the innovation ecosystem. This aligns with
findings by Oberg, C. et al., which posit that firms must strategically balance innovation
volume and risk exposure. When the knowledge stock and differences are at a moderate
level, sharing and cooperation can effectively stimulate knowledge complementarity and
collaborative innovation, core enterprises have the ability to share, SMEs can benefit from
it, government subsidies are more efficient, and the system as a whole tends to be in a
benign state of tripartite collaboration and common sharing. However, when knowledge is
highly concentrated and the differences between enterprises are too large, the system will
face the risk of synergy breakdown. Core enterprises gradually withdraw from the system
due to the high sharing cost and high risk of knowledge leakage, SMEs are willing to share
but are difficult to effectively cooperate with, government incentives are ineffective, and
the system eventually tends to be closed and inefficient. Therefore, the rational allocation
of knowledge structure and degree of differentiation is the key to ensure the coordinated
evolution of the system. Policymakers should avoid the monopolization of knowledge or
excessive disparities and prevent cooperation from shrinking due to the “monopoly of the
strong”. It is suggested that the establishment of a knowledge sharing platform, guiding
core enterprises to share their boundaries, and enhancing the absorptive capacity of small
and medium-sized enterprises can strengthen the basis of multi-party interactions, stimu-
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Figure 5. The evolutionary trend of the impact of allocation coefficients on the sharing behavior of
innovation ecosystems. (a) The evolutionary path of the impact of allocation coefficient r on sharing
behavior. (b) The impact of allocation coefficient r on core enterprise A sharing. (c) The impact of
allocation coefficient r on SME B sharing. (d) The effect of distribution coefficient r on government
subsidies. (e) The impact of distribution coefficient r on the number of shared enterprises.
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Figure 6. The evolutionary trend map of the impact of knowledge stocks on sharing behavior in
innovation ecosystems. (a) The evolutionary path of the impact of allocation coefficient r on sharing
behavior. (b) The impact of knowledge inventory on A sharing in core enterprises. (c¢) The impact
of knowledge stocks on B sharing in SMEs. (d) The impact of knowledge stocks on government G
subsidies. (e) The effect of knowledge stocks on the number of firms choosing a sharing strategy.
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5.3.3. The Impact of Environmental Accommodation on the Evolution of Firms’
Sharing Behavior

It can be observed from Figure 7 that the final size of core enterprise A rises significantly
as the environmental capacity of core enterprise A increases. Especially at M; = 800, the
number of core enterprises shows continuous growth and eventually stabilizes above 700,
much higher than the stable size at Mj = 600. This suggests that the environmental capacity,
as the upper limit of resources, plays a direct role in limiting the expansion capacity of core
enterprises, and the larger the environmental space, the stronger their growth potential. In
the case of lower M; = 150, although the system may have strong willingness to share, the
growth of core enterprises is inhibited due to the limited environmental carrying capacity.
On the other hand, the evolutionary trend of SME B is characterized by mutual constraints
with core enterprises. Especially in the case of M] = 800, the number of SMEs grows
rapidly in the early stage, but with the rapid expansion of core enterprises, their number
declines significantly in the middle and late stages and eventually stabilizes at a low level.
This indicates that high environmental capacity favoring core enterprises concentrates
resources and market space toward them, constricting SME development opportunities
and intensifying system competition—resulting in cumulative advantage dynamics. On
the whole, environmental capacity not only affects the upper limit of the size of core
enterprises but also indirectly determines the survival space of SMEs. A moderate level of
capacity can help to maintain dynamic balance among enterprises and avoid the excessive
tilting of resources, while extreme enlargement may lead to imbalance and structural
risks within the system. Therefore, policy design should take into full consideration the
impact of environmental capacity on different types of enterprises and, by regulating
resource allocation and entry thresholds, guide the diversified coexistence of enterprises
and promote the stable and coordinated development of the innovation ecosystem.
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Figure 7. Impact of core enterprises” environmental capacity M; on the number of firms choosing a
sharing strategy.

5.3.4. The Effect of the Competition Coefficient on the Evolution of Sharing Behavior
of Firms

Figure 8 illustrates the trend in the number of core enterprises A and SMEs B under
different competition coefficients. The coefficients S here indicate the intensity of competi-
tion between core enterprises and SMEs in a limited resource environment, reflecting the
competitive role of core enterprises against SMEs in resource competition and essentially



Systems 2025, 13, 511

21 0f 25

describing the proportion of SMEs” occupation of system resources. The increase in Sp
significantly limits the growth potential of core enterprises. When g = 0.2, the number of
core enterprises A grows steadily and eventually stabilizes at close to 240, indicating that
SMEs exert less competitive pressure on them and core enterprises have more room for
survival and expansion. However, as it rises to 0.6, the growth of core enterprises is signifi-
cantly suppressed, and the number of core enterprises eventually drops to around 180. This
suggests that under high competitive pressure, although core enterprises have stronger
capabilities and knowledge accumulation, their development is limited due to the massive
diversion of resources to SMEs, and the incentive effect of sharing behaviors decreases. At
the same time, the number of SMEs shows a trend of negative correlation with Bp: as the
competition coefficient increases, the growth of its number is gradually weakened, or even
a decline phenomenon occurs. This is because the larger g is, the more resources SMEs
take from the core enterprises, but at the system level, higher competitive pressure will
destroy the synergistic allocation efficiency of resources. Although the number of SMEs
rises rapidly in the early stage, the number of SMEs tends to saturate or even decline in the
middle to late stage of the system due to the imbalance of the ecological structure and the
weakening of the cooperative power and eventually stabilizes at a relatively low level. This
suggests that excessive competition among SMEs does not lead to sustained growth but
rather to a stage-by-stage “expansion effect”, and its long-term development is suppressed
by the feedback of the system. Shared innovation ecosystems emphasize collaboration
between multiple actors rather than zero-sum games, and if competition is not regulated,
it will undermine the overall stability of the system and the effectiveness of knowledge
diffusion. Therefore, it is crucial to maintain a moderate competition coefficient. On the
one hand, policy must safeguard core enterprises’ resource conversion capabilities and
technological dominance while preventing the competitive exclusion of SMEs. Policies can
optimize the competition—collaboration structure of the system through the introduction of
resource use quotas, knowledge sharing incentives, and competition intensity adjustment
mechanisms to promote dynamic equilibrium among firms and the healthy evolution of
the innovation ecosystem.
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Figure 8. Effect of competition coefficient on number of firms choosing sharing strategies.
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6. Conclusions

In this paper, based on the evolutionary interactions of each participant in the open
innovation ecosystem, we constructed a three-party evolutionary game and Lotka—Volterra
two-dimensional analysis framework, focused on analyzing the dynamic game process
of core enterprises, SMEs and the government in the innovation ecosystem regarding
the behavior of knowledge sharing, and drew the following main conclusions through
theoretical deduction and simulation experiments:

First, when expected benefits from cooperation, brand reputation, and government
subsidies exceed knowledge sharing costs, core enterprises shift from a closed stance to-
ward proactive sharing. This facilitates SME partnerships to leverage knowledge spillovers
and first-mover advantages, strengthening their ecosystem dominance. Secondly, when
SMEs expect that the synergistic benefits, learning enhancement effect and potential gov-
ernment support obtained through knowledge sharing are greater than the cost of sharing,
they will accelerate the pace of sharing, change from “free-riders” to “collaborators”, strive
for resource space and a voice in the ecosystem, enhance innovation capacity and realize
ecological position leapfrogging. Thirdly, governments adopt subsidy strategies when
systemic social benefits outweigh expenditure—guiding corporate sharing through in-
centives while avoiding overreliance on short-term penalties—thus enhancing long-term
systemic efficiency. Finally, the evolution results show that the linkage of the three parties’
behaviors is closely related to the initial state of the system. When all agents exhibit high
sharing willingness, the system converges stably to an all-sharing equilibrium of synergistic
cooperation. Conversely, low initial sharing motivation leads to convergence toward an
inefficient triple non-sharing equilibrium. Therefore, the initial incentive mechanism and
information transparency play a decisive role in the evolutionary path of the system.

However, there are still several shortcomings in the study, which need to be further
deepened and improved in the future. First, the model in this paper has some ideal-
ized assumptions in theoretical construction and parameter setting. The portrayal of
multi-dimensional resource heterogeneity and dynamic environmental changes in the
real innovation ecosystem is still relatively rough. Furthermore, the selection of model
parameters relies primarily on the literature references and assumption settings, employing
theoretically specified values that lack empirical validation. Second, this paper focuses
on the tripartite subjects of core enterprises and SMEs and the government and does not
fully consider the roles of other key innovation subjects, such as universities, research
institutions, industry associations and open platforms. Future research can expand the
scope of multiple subjects and construct a more complex and close-to-reality multi-level
and multi-subject interaction model to enhance the adaptability and explanatory power
of the theory. Based on the above shortcomings, future research can be carried out in the
following directions: first, construct a multi-subject, multi-level open innovation ecosystem
evolution model, combining the complex interactions between heterogeneous subjects and
non-linear feedback mechanisms; second, deepen the multi-dimensional and multi-stage
design of subjects, and explore the coupled evolution of the dynamic regulation mechanism
and the response behaviors of the enterprises; and third, strengthen the empirical research
and model validation, and enhance the application of the theoretical models, including
their depth and breadth.

In summary, although this paper provides useful insights into the evolution mech-
anism of multi-subject knowledge sharing behavior in open innovation ecosystems, it
still needs to be improved in terms of model complexity, subject diversity, policy dy-
namics, and empirical validation, so as to better serve the theoretical development and
actual innovation governance and promote the healthy and sustainable evolution of open
innovation ecosystems.
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