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Abstract: Greenwashing in supply chain networks is shaped by heterogeneous enterprise relationships,
uncertain payoffs, and decentralized strategic interactions. This study develops a network-based
evolutionary game model integrating a Barabasi—Albert scale-free network, triangular fuzzy payoff
representations, degree-dependent strategic inertia, and an inertia-modified Fermi imitation
mechanism. A homogeneous mean-field approximation is derived as an analytical benchmark, while
repeated Monte Carlo simulations examine the initial strategy’s placement, payoff uncertainty,
stochastic sampling mechanisms, social learning, network connectivity, and payoff evaluation methods.
The baseline mean-field model yields an attracting interior equilibrium at a greenwashing density of
0.8889 under the weighted defuzzified payoffs, which does not directly predict the finite network’s
outcomes. Numerical results indicate that the initial strategy’s placement substantially affects
greenwashing diffusion: Assigning 30 initial greenwashing strategies to high-degree, randomly
selected, and low-degree enterprises produces mean terminal densities of 0.9609, 0.7744, and 0.3609,
respectively. Extreme payoff boundary adjustments significantly increase terminal greenwashing
density relative to the baseline, whereas mean-controlled interval width variations do not produce
statistically detectable differences. The intensity of social learning and strategic inertia exhibit
significant overall effects, but their interaction is not statistically significant under the tested
configurations. Furthermore, degree-normalized payoff evaluation attenuates the differences
associated with network connectivity, while mechanism ablation experiments indicate that the initial
placement’s effects depend on payoff evaluation and behavioral assumptions. Overall, the findings
highlight the conditional roles of network position, payoff uncertainty, and strategic inertia in the
evolution of supply chain greenwashing, providing insights for network-sensitive governance.
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1. Introduction

Under the global consensus on climate governance and sustainable development, green and low-
carbon transformation is profoundly reshaping the underlying logic of economic development.
However, real-world supply chain systems are inherently characterized by market uncertainty and
network heterogeneity, where firms’ decision-making is subject to fluctuating payoffs and topological
disparities. In this context, supply chain greenwashing has emerged as a hidden and contagious
challenge that undermines the credibility of corporate environmental commitments and complicates
genuine green transformation [1]. Its association with interfirm relationships also highlights the need
to examine greenwashing beyond isolated enterprises [2,3].

From a micro perspective, the drivers of greenwashing are complex. Financial incentives,
information asymmetry, and managerial considerations can influence enterprises’ choices between
genuine green transformation and opportunistic greenwashing [4,5]. Peer effects and corporate
networks may reinforce greenwashing behavior [6,7], whereas digital governance and environmental
regulation provide potential constraints [8—10]. Evolutionary game studies have further examined
greenwashing incentives and governance under dynamic regulation, financial mechanisms, and
information services [11-13]. Nevertheless, many existing greenwashing models focus on interactions
among a limited number of representative stakeholders, while the conditional influence of
heterogeneous enterprise connections and initial strategy placement remains less explicitly characterized.

Complex network theory provides a powerful tool for characterizing these interactions. Barabasi
and Albert [14] established the preferential attachment mechanism underlying scale-free networks,
while Santos and Pacheco [15] demonstrated the importance of network heterogeneity for cooperative
behavior. Nowak and May [16] and Szab6 and Fath [17] provided important foundations for
evolutionary games on networks. Recent studies have extended network evolutionary analysis to
supply chain applications. Zhou and Li [18] examined the co-evolution of information sharing and
motivation in complex supply chain networks. Wu et al. [19] investigated green packaging diffusion in
logistics enterprise clusters. Chen et al. [20] analyzed green innovation diffusion, while Yang et al. [21]
examined blockchain-enabled green supply chain development from a complex-network evolutionary
perspective. However, further investigation is needed into how the initial placement of greenwashing
across differently connected firms, degree-dependent strategic inertia, local social imitation, and the
accumulation of payoff jointly shape evolutionary outcomes. In particular, the effects of network
position may depend on the initial strategy configurations and the mechanisms through which firms
evaluate payoffs and update their strategies.

In real-world decision-making environments, enterprises’ perceptions of key parameters are often
vague and imprecise. Fuzzy set theory provides an effective mathematical tool for handling this kind
of uncertainty [22]. Because fuzzy membership and probabilistic uncertainty are conceptually distinct,
their combination in stochastic evolutionary games requires explicit modeling assumptions [23].
Related studies have also applied computational game theory to energy systems. Cheng et al. [24]
examined evolutionary smart contracts for virtual power plant trading by integrating prospect theory
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and multi-stage negotiation. Cheng et al. [25] reviewed computational game-theoretic models for
adaptive urban energy systems, while Wang et al. [26] systematically reviewed evolutionary game
applications in energy storage systems. Although these studies address different application contexts,
they provide useful perspectives on strategic interactions and decision-making under uncertainty.
Accordingly, this study focuses on three related questions: (1) Under what conditions the initial
placement of greenwashing strategies across highly connected and peripheral firms influences their
subsequent evolution; (2) how strategic inertia, imitation intensity, and payoff evaluation mechanisms
condition evolutionary outcomes in heterogeneous networks; and (3) whether greenwashing dynamics
are sensitive to different fuzzy payoff specifications and stochastic payoff sampling mechanisms.

To address these questions, this paper develops a network-based evolutionary game framework
integrating a Barabasi—Albert (BA) scale-free supply chain network, degree-dependent strategic inertia,
triangular fuzzy payoffs, and a Fermi imitation mechanism with bounded rationality.

2. Literature review
2.1. Research on green supply chains and greenwashing behavior

Greenwashing behavior refers to the behavior of enterprises that create a green image through
false propaganda, selective disclosure, or exaggeration of their environmental contributions without
taking substantive environmental actions. In the supply chain context, greenwashing behavior is more
covert and may spread through interfirm relationships and strategic interactions [1,7]. Its causes are
complex and can be deconstructed from multiple dimensions.

From the perspective of capital markets and financing constraints, enterprises may engage in
greenwashing to obtain financial benefits, manage external perceptions, or respond to pressures
associated with green transformation [4]. Green fund holdings may influence corporate greenwashing
behavior, although the direction and effectiveness of this relationship depend on the governance
mechanisms involved [5]. Liu et al. [27] further examined greenwashing governance in green financial
products through a tripartite evolutionary game, demonstrating the relevance of interactions among
financial stakeholders.

From the perspective of supply chain management and external pressure, supply chains’ green
gaps and customer concentration have been examined as factors associated with corporate
greenwashing [2,3]. The peer effect is also an important driver of the proliferation of greenwashing.
Lu et al. [6] found that corporate environmental, social, and governance (ESG) information disclosure
exhibits significant industry-related and regional peer effects, while Chen et al. [7] investigated similar
effects within board networks. Conversely, bank—enterprise digital coupling and corporate digital
transformation have been identified as potential governance mechanisms [28,29].

From the perspective of institutional regulation and environmental regulation, governments’
environmental regulation tools have a significant constraining effect on corporate greenwashing.
Existing studies have examined emission permit systems, green credit interest subsidies, and digital
environmental monitoring as governance mechanisms [30]. Evolutionary game analyses have likewise
investigated enterprises’ responses to dynamic regulation and ESG disclosure incentives [31].

From the perspective of enterprise heterogeneity and internal governance, Han [32] showed that
the environmental protection background of independent directors can significantly reduce the degree
of corporate greenwashing. Wang and Cao [29] pointed out that digital transformation can inhibit
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corporate greenwashing by improving the quality of accounting information and alleviating financing
constraints. Recent evolutionary game studies have further examined greenwashing from different
stakeholder and governance perspectives. Gao et al. [1] investigated ESG greenwashing in electric
vehicle supply chains, while Xue et al. [11] analyzed the evolutionary interactions among enterprises,
governments, and consumers. Hao et al. [12] examined the strategic interactions among enterprises,
investors, and rating agencies in ESG disclosure. Majumdar and Giri [13] investigated blockchain and
big data information services for mitigating greenwashing in closed-loop supply chains. These studies
highlight the importance of stakeholder interactions, regulatory mechanisms, and information-based
governance. In contrast, the present study focuses on the conditional effects of the initial network
position, uncertain payoff realizations, and strategic inertia on the local diffusion of greenwashing
among interconnected enterprises, with particular attention to the roles of payoff accumulation and
alternative behavioral specifications.

Although the aforementioned literature reveals the causes and governance paths of greenwashing
from multiple perspectives, the existing models often emphasize stakeholder incentives and regulatory
relationships rather than the detailed network positions of interacting enterprises. Consequently, how
heterogeneous connectivity and initial strategy allocation jointly affect the diffusion of greenwashing
warrants further examination.

2.2. Evolutionary games on supply chain networks and complex network theory

Complex network theory provides a powerful tool for characterizing the complex interactions
among enterprises in supply chains. Cui et al. [33] systematically reviewed supply chain research based
on complex network methods. Barabasi and Albert [14] established the preferential attachment
mechanism underlying BA scale-free networks, while Santos and Pacheco [15] demonstrated that
network heterogeneity can promote cooperation under specific evolutionary game conditions.

In terms of supply chain network construction methods, Ding and Chen [34] introduced
antipreferential probability based on the BA network model. Zhao et al. [35] constructed a local-world
evolution model for weighted complex supply chain networks, while Cao and Xiong [36] incorporated
edge benefits into the network’s formation. These approaches provide alternative representations of
heterogeneous enterprise relationships, although their structural assumptions differ.

Applying evolutionary game theory to complex networks has become an important direction in
recent years. Nowak and May [16] revealed the mechanism of network reciprocity. Szabd and Fath
systematically reviewed evolutionary games on graphs [17]. In supply chain network-related
evolutionary game research, Zhou and Li [18] investigated the co-evolution of information sharing
and motivation, while Wu et al. [19] examined green packaging diffusion in logistics enterprise
clusters. Zhang and Li [37] investigated information sharing in prefabricated building supply chains,
and Wang [38] reviewed learning mechanisms in complex network evolutionary games.

More recent applications have addressed green innovation diffusion and blockchain-enabled
green supply chains [20,21], while Wu et al. [39] incorporated prospect theory into complex-network
evolutionary games of green technology innovation. Duan et al. [40] further investigated long-term
payoff mechanisms in heterogeneous network games, providing a related perspective on the
relationship between payoft evaluation and network structure.

However, these studies do not fully resolve how the initial placement of greenwashing across
high- and low-degree enterprises interacts with strategic inertia, Fermi imitation, and accumulated
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versus degree-normalized payoffs. The present study therefore focuses on these specific mechanisms
rather than treating network heterogeneity or social learning as entirely unexplored concepts.

2.3. Fuzzy set theory and games under uncertainty

In real-world decision-making environments, enterprises’ perceptions of key parameters are often
vague and imprecise. Fuzzy set theory provides an effective mathematical tool for handling this kind
of uncertainty. Triangular fuzzy numbers, owing to their simple operation and strong intuitiveness,
have become one of the most widely used forms of fuzzy number representation. Possibility theory
further provides theoretical support for comparison and decision-making under fuzzy environments.

Table 1. Comparison of closely related studies and the present research.

Study

Research focus

Network setting

Payoff uncertainty

Research gap

Gao et al. [1]
Greenwashing

governance

Xue et al. [11]
Greenwashing

governance

Yang et al. [21]
Network evolutionary
games

Wu et al. [39]
Network evolutionary
games

Khalil et al. [23]
Stochastic network

games

Dubois and Prade [22]

Fuzzy uncertainty

Present study

Integrated framework

ESG greenwashing in
electrical vehicle supply
chains; tripartite

evolutionary game

Dynamic greenwashing
governance involving
firms, governments, and

consumers

Blockchain-enabled
green supply chain

evolution

Green innovation
diffusion with prospect-

theoretic preferences

Cooperation dynamics
using master equations
and Monte Carlo

simulations

Theoretical distinction
between possibility and

probability

Network evolutionary
model of greenwashing
with inertia-modified

Fermi imitation

Multistakeholder

interactions

Multistakeholder

interactions

Complex supply chain

network

Heterogeneous

complex networks

Structured interaction

networks

Not network-based

BA networks;
placement, K, N, and

connectivity checks

No explicit fuzzy—stochastic

distinction

No triangular fuzzy payoff

modeling

No explicit fuzzy—
probability distinction

Prospect-theoretic

preferences

Stochastic evolutionary

dynamics

Possibility—probability

distinction

Triangular fuzzy

representation; separate

stochastic payoff sampling;

operator comparisons

Limited analysis of
degree-based strategy

placement

Limited consideration
of network-based

imitation

Does not examine
greenwashing

placement or inertia

Limited analysis of
stochastic triangular
payoffs

Does not address
supply chain

greenwashing

Does not model
network strategy

diffusion

Conditional
simulation-based
mechanisms; not an
empirically calibrated

regulatory optimum

A key distinction is that fuzzy membership functions characterize degrees of membership or

possibility, whereas probability distributions represent stochastic uncertainty [22].
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stochastic payoff sampling in the present model is introduced through an explicitly specified
probability distribution rather than by treating fuzzy membership values directly as probability densities.

Related research has investigated deterministic and stochastic cooperation transitions in
evolutionary games on networks [23], while prospect theory has been incorporated into complex-
network evolutionary games of green technology innovation [39].

In this study, triangular fuzzy numbers represent imprecise payoffs. Weighted defuzzification
provides an analytical benchmark, whereas stochastic simulations use a specified triangular probability
distribution. Because weighted defuzzification and probabilistic expectation may yield different values
for asymmetric triangular specifications, this distinction is explicitly considered in the model and
subsequent sensitivity analysis.

As shown in Table 1, existing studies provide complementary insights into greenwashing
governance, network-based evolutionary dynamics, and uncertainty representation. The present work
combines these strands while explicitly limiting its conclusions to the specified stochastic network
model and numerical controls.

2.4. Research gaps and positioning of this paper

On the basis of the abovementioned literature review, this paper identifies three major research gaps.

First, although research has examined greenwashing governance, peer effects, and complex
network interactions, the influence of greenwashing’s initial placement across firms with different
connectivity levels requires further investigation. In particular, allocating an identical number of initial
greenwashing strategies to high-degree, random, or low-degree enterprises may produce different
evolutionary outcomes.

Second, the joint effects of degree-dependent strategic inertia, Fermi imitation intensity, and
payoff accumulation mechanisms remain insufficiently understood in heterogeneous greenwashing
networks. Distinguishing accumulated from degree-normalized payoffs and examining alternative
inertia specifications are particularly important because network degree can influence interaction
opportunities, payoff comparisons, and resistance to strategy changes simultaneously.

Third, the integration of triangular fuzzy payoffs with stochastic network evolution requires
explicit treatment of the relationship among fuzzy representations, probabilistic sampling, and
analytical approximations. This distinction is important for interpreting finite-horizon simulation
outcomes under payoff uncertainty.

Accordingly, the present study integrates a BA scale-free network, degree-dependent inertia,
triangular fuzzy payoffs, and Fermi imitation to investigate these three issues within a unified
framework. It seeks to clarify the conditional effects of the initial strategy placement, behavioral
mechanisms, and payoff uncertainty on the evolution of supply chain greenwashing, thereby providing
a basis for more targeted governance analysis.

3. Model construction
3.1. Supply chain network topology and node heterogeneity
3.1.1.  Network generation mechanism

Real-world supply chain systems are not uniform, randomly connected networks; rather, they
exhibit a distinct hierarchical feature of core enterprises dominating, surrounded by numerous small
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and medium-sized enterprises. This topological structure is consistent with the heterogeneous
connectivity represented by BA scale-free networks [14].

G = (V, E) Definition 1. Let the supply chain network be an undirected graph G = (V, E), where
the node set V'= {1, 2, ..., N} represents independent enterprises in the supply chain, and the edge set
E represents transaction and business relationships between enterprises. The network is generated
using the BA preferential attachment model. In the baseline configuration, the network size is N =
100 the number of edges attached by each new node is m = 3, and the network-generating random
seed is fixed at 42. The implementation follows the standard Network X BA generator, which takes N
and m as its principal inputs without requiring a separately specified initial core parameter mo.
Figure 1 illustrates that hub nodes possess relatively high connectivity and occupy prominent
positions in the network, which may provide additional opportunities for their strategies to influence
local evolutionary interactions.

® Hub firms (Core) Small/Medium firms

Figure 1. Schematic diagram of a scale-free supply chain network’s topology.
Definition 2. The hub set H consists of the K highest-degree nodes in the network
H=TopK,, (k), K=5, (1)

where k; denotes the degree of node i. Thus, the hub set represents the five most highly connected
enterprises in the baseline network rather than a separate category determined by strategic inertia.

In the baseline network realization, the degrees of the five hub nodes are 30, 28, 26, 23, and 23,
respectively. The hub degree’s share is calculated as follows:

k,
w _ZH: ' 30+28+26+23+23
"3k, 582

ieV

~0.2234. )

This value is specific to the realized network and should not be interpreted as a universal property
of BA networks. It may vary with network size, the attachment parameter m, and the network’s
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realization. Moreover, W), represents the proportion of total node degree attributable to the hub set; it
does not directly measure the probability that any particular peripheral enterprise selects a hub as its
imitation target.

The degree distribution of the network can be approximately characterized by a power law
distribution P (k) o k~#, characterizing the heterogeneous structure in which a few hub nodes have
high connectivity, while most nodes have relatively low degrees. For a finite network of N = 100,
however, the use of a BA generator does not by itself establish that the realized degree distribution
satisfies an exact power law.

Topological heterogeneity may influence the diffusion of greenwashing strategies by shaping
enterprises’ interaction opportunities, accumulated payoffs, and local imitation relationships. Although
highly connected nodes interact with more neighboring enterprises, their influence on evolutionary
outcomes also depends on their initial strategies, the payoff structure, and the strategy-updating
mechanism. Therefore, network connectivity is treated as a potential source of heterogeneous strategic
influence rather than a sufficient condition for determining the system’s final state.

3.1.2. Degree-dependent strategic inertia

In supply chains’ decision-making, enterprises may differ in their adjustment costs, organizational
complexity, and the persistence of strategic choices. To represent this behavioral heterogeneity, this
study assumes that enterprises with higher network connectivity exhibit greater resistance to strategy
changes. This assumption is introduced as a modeling hypothesis rather than as a mathematical
consequence of the BA network structure.

Definition 3. Each node i € V' is assigned a strategic inertia coefficient p; € [0, 1], which is
defined as a nondecreasing function of node degree

k.
pi:pmin+(pmax_pmin)k_l> (3)

max

where ppin and ppq, represent the lower and upper parameter bounds of strategic inertia,
respectively, and k,,,, denotes the maximum degree in the network.

It should be noted that p,,;,, is a lower bound parameter of the inertia function rather than
necessarily the minimum inertia realized in the network. Because the baseline BA network contains no
isolated nodes and k,,;;, > 0, the minimum realized inertia satisfies

. k..
mlnieV pi = pmin + (pmax _pmin)km_m > pmin’ (4)

max

provided that ppux = Pmin- In contrast, the node with the maximum degree attains the upper-
bound value P4

The assumed positive relationship between the node degree and strategic inertia reflects a stylized
behavioral mechanism: Enterprises occupying more highly connected positions may face greater
coordination requirements and adjustment costs when changing established strategies. This
relationship is not assumed to hold universally across real-world supply chains. Instead, its
implications are examined through the subsequent sensitivity analysis.

The degree-dependent inertia function is maintained in the baseline model and in experiments that do
not explicitly vary the inertia mechanism. Alternative inertia specifications, including constant, reverse-
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degree, random, and zero-inertia settings, are examined separately in the robustness and mechanism
ablation experiments. In the inertia sensitivity experiment, different inertia configurations are constructed
by varying p,,in and po,q., While preserving the same degree-dependent functional relationship.

Finally, the hub’s classification and strategic inertia should be distinguished. The hub set H is a
discrete group determined by the degree ranking and is used primarily for the initial strategy allocation
and group-based comparisons. In contrast, strategic inertia is a continuously degree-dependent node
attribute assigned to every enterprise and is incorporated into the strategy-updating probability.
Although both depend on the network degree, they serve different purposes in the model.

3.2. Fuzzy game payoff matrix and defuzzification
3.2.1. Construction of triangular fuzzy numbers

In real-world supply chain games, enterprises’ perceptions of the key payoff parameters may be
vague or imprecise due to market fluctuations, policy uncertainty, and information asymmetry.
Triangular fuzzy numbers are therefore introduced to represent imprecise payoff information, drawing
on the distinction between possibility and probability discussed by Dubois and Prade [22]. This paper
introduces triangular fuzzy numbers to describe this decision-making uncertainty.

Definition 4. For any fuzzy payoff variable, the triangular fuzzy number corresponding to its
membership function is defined as X = (X, X", X°), where XP represents the pessimistic value, X"
represents the realistic (most likely) value, and X° represents the optimistic value. This three-value
representation provides a tractable description of imprecise payoff bounds for subsequent analytical
comparisons and stochastic evolutionary simulations.

3.2.2. Strategy space and payoff matrix

Each enterprise i in the supply chain has a pure strategy space W = {G, B}, where G denotes
the adoption of a genuine green production strategy, and B denotes the adoption of a greenwashing
strategy. Following the classical game-theoretic framework, this paper defines the fuzzy payoff matrix

when enterprise [ engages in a bilateral game with its neighbor j. The fuzzy payoff parameters
defined in Table 2.

Table 2. Payoff matrix of the two-strategy supply chain evolutionary game.

Focal enterprise i / neighbor j Genuine green (G) Greenwashing (B)
Genuine green (G) R S
Greenwashing (B) T P

In Table 2, R represents the mutual benefits of genuine green cooperation, including potential
reputational advantages and green financing incentives. The payoff § denotes the losses experienced
by a genuinely green enterprise when its counterpart engages in greenwashing. The payoff T
represents the potential speculative gains obtained through greenwashing when the neighboring
enterprise adopts genuine green production. Finally, P captures the net losses associated with mutual
greenwashing, including potential reputational damage and regulatory penalties.
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Under the baseline accumulated payoff mechanism, the total payoff of enterprise i attime t is

Hi(t) = Z asi(t),sj(t)(t)7 (5)

Jew,

where N; denotes the neighbor set of the node i, and asi(t)‘sj(t)(t) denotes the realized payoff

associated with the corresponding strategy combination. The accumulated payoff mechanism is used
in the baseline model; degree-normalized payoffs are considered as an alternative specification in the
robustness analysis.

3.2.3.  Weighted defuzzification and stochastic payoff sampling

For the deterministic mean-field analysis, this study uses a weighted defuzzification operator to
convert triangular fuzzy payoff representations into scalar reference values. The resulting values are
used exclusively to characterize the analytical payoff structure and should not be interpreted as
probabilistic expectations or formally derived fuzzy equilibrium payoffs.

Definition 5. For any triangular fuzzy number X = (XP, X", X°), its weighted defuzzified value
is defined as

X" +2X"+X°

D, (X)= ; (6)

The operator places greater weight on the modal value X" and provides a deterministic scalar
representation of the fuzzy payoff for the analytical framework. It is a defuzzification convention rather
than the probabilistic expectation of a triangular random variable.

Two distinct forms of uncertainty are considered in the numerical framework. The first is
parameter uncertainty, represented by the triangular fuzzy payoff specifications X = X?, X", X°.
These specifications describe imprecise payoff information through pessimistic, modal, and optimistic
values, without assigning probability measures to the fuzzy membership grades.

The second is interaction-level stochasticity, which concerns the realization of bilateral payoffs
during local strategic interactions. To operationalize this stochastic component, an additional triangular
probability distribution is explicitly assumed to share the same lower bound, mode, and upper bound
as the corresponding fuzzy payoff specification. This distribution is not derived from the fuzzy
membership function; rather, it constitutes a separate stochastic modeling assumption.

Under the baseline comparison-level sampling mechanism, a new payoff realization is
independently generated for each bilateral interaction whenever the accumulated payoff of a focal firm
or its selected neighbor is evaluated. Consequently, the resulting payoff differences reflect both the
firms’ current strategy configurations and stochastic variation in the local interaction outcomes.
Specifically, the realized bilateral payoff is sampled as follows:

X ~ Triangular(X”, X", X°). (7)
The expected value of the triangular probability distribution is

X+ X" +X°

E[X]= 3

(8)
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Therefore, the weighted defuzzified value and the probabilistic expectation may differ for
asymmetric triangular specifications. The theoretical benchmark and stochastic simulations are treated
as distinct payoff representations, and their results are not assumed to coincide.

3.3. Social learning and asynchronous updating based on bounded rationality

In real-world supply chains, enterprises do not possess global optimal decision-making
capabilities. This paper adopts an asynchronous updating mechanism to represent decentralized,
bounded, rational strategy adjustments among interconnected enterprises and to examine their
consequences for greenwashing evolution.

At each time step, a fraction 4 = 0.2 of the N enterprises is randomly selected without
replacement for sequential strategy updating. The selected enterprises are processed in random order,
and each update takes effect immediately before the next enterprise is processed. For each selected
enterprise i, the updating procedure is defined as follows.

(1) Local comparison: Randomly select a neighbor j € N; as the learning benchmark. If s;(t) =
sj(t), no strategy change is considered. Otherwise, the accumulated payoffs I1;(t) and II;(t) are
independently recalculated by sampling the payoff of every neighboring interaction according to the
corresponding strategy combination, using the stochastic payoff mechanism specified in Section 3.2.3.

(ii) Payoff difference: Calculate All;;(t) = II;(t) — II;(t) . Unlike an improvement-only
imitation rule, the updating procedure does not require AIT;;(t) > 0.

(iii) Imitation probability: Node i adopts the strategy of neighbor j with probability P;_;(t),
given by the inertia-modified Fermi rule

_ 1- P
1+exp[—7(IT, (1) - TT, (1))]’

0 ©)
where 7 is the social learning intensity, representing the enterprise’s sensitivity to external payoff
differences. The parameter p; reduces the probability of strategy switching, with 1 — p; representing
its upper bound. When n — 0, the imitation probability approaches 1 — p; /2 for different strategies.
As 1 — oo, the probability approaches 1 — p; for positive payoff differences and zero for negative
differences; when payoffs are equal, it remains 1 — p; /2.

3.4. System evolutionary dynamics measurement and convergence criteria

To quantify the degree of diffusion and the evolutionary process of greenwashing behavior in the
supply chain network, this paper defines the global macro-state indicators.

Definition 6. At time t, the proportion of enterprises in the network adopting the greenwashing
strategy B is defined as the greenwashing density f(t)

fO =121 (0=}, (10)

where 1{-} is the indicator function. The value f(t) =0 corresponds to the all-green state, and f(t)
=1 corresponds to the all-greenwashing state.

The global density f(t) is used as the primary evolutionary outcome. Although it does not
distinguish enterprises by network connectivity, it directly measures the proportion of greenwashing
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enterprises and remains valid for heterogeneous networks. To examine the structural differences, hub
strategies and degree-related characteristics are analyzed separately rather than incorporated into an
assumed weighted diffusion probability.

To assess the stability of simulated trajectories, a quasi-convergence diagnostic is defined as

o, ()=Std[f(t=L+1),..., f(1)]< 5, (11)

where L =20 is the observation window’s length and § = 0.005 is the specified fluctuation threshold.
The first time this condition is satisfied is recorded as the quasi-convergence time. This criterion
indicates low short-term variation in the greenwashing density but does not establish an absorbing state
or asymptotic stability.

The simulation is conducted over a fixed horizon of T = 1000 time steps without early termination.
The terminal greenwashing density is defined as f(T). A homogeneous absorbing state is identified
when f(t) € {0, 1}, corresponding to all-green or all-greenwashing strategies, respectively.
Simulations that do not reach either absorbing state by T are classified as nonabsorbed within the
observation horizon, rather than as having necessarily converged to a stable mixed equilibrium.

The absorption time is defined as t,,, =inf{t: f(t) €{0,1}}, with T, = o recorded if the system
does not reach a homogeneous absorbing state by T'. In repeated simulations, runs with 7,,; = oo are
treated as right-censored when computing the mean absorption times.

To account for stochastic variability, the numerical experiments use repeated Monte Carlo
simulations and summarize evolutionary outcomes using the mean trajectories, terminal greenwashing
densities, and uncertainty estimates.

4. Model analysis
4.1. Mean-field approximation and equilibrium stability

When studying evolutionary games in structured populations, traditional mean-field theory
typically assumes that all nodes in the network are homogeneous, i.e., individuals are randomly mixed,
ignoring topological structural differences. Based on the payoff matrix defined in Chapter 3, let f
denote the proportion of nodes adopting the greenwashing strategy B, i.e., the global greenwashing
density f(t). According to mean-field theory, when a node randomly encounters a peer, the
probability of encountering a greenwashing node is f, and the probability of encountering a true green
nodeis 1 — f.

Thus, the expected per-interaction payoffs of adopting the greenwashing strategy B and the
genuine green strategy G can be expressed as

7w ()=1- )T+ /P, (12)

(/) =1-/)R+ /5. (13)

Define the expected payoff difference as A(f) = m5(f) — 76 (f). Expanding and rearranging yields
A(f)=T-R)+ fI(P-T)-(S-R)]. (14)

According to the replicator dynamics equation of evolutionary games, the corresponding
homogeneous mean-field dynamics are
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f=1a=NAK. (15)
An interior equilibrium exists when A(f*) =0and 0 < f* <1, giving
* T_R
/= : (16)
(T-R)+(S-P)

Under the baseline defuzzified payoff parameters R = 0.12, § = -0.02, T = 0.20, and P =
—0.03, the payoft difference becomes A(f) = 0.08 — 0.09f and the interior equilibrium is f* = 0.08
/0.09 =~ 0.8889.

Since A(f) >0for0 < f < f* and A(f) < 0 for f* < f <1, the replicator dynamics
satisfyf > Obelow f* and f < O0above f*.Consequently, f* is an asymptotically stable interior
equilibrium of the homogeneous replicator model, whereas the boundary equilibria f =0 and f=1
are unstable under the baseline payoff configuration.

Importantly, this result does not imply that the stochastic BA network converges to f* =0.8889.
The mean-field model assumes homogeneous interactions and deterministic payoffs, whereas the
network simulations incorporate heterogeneous connectivity, degree-dependent inertia, stochastic
payoffs, and local Fermi imitation. Therefore, f* serves as an analytical reference for understanding
the relative strategic incentives rather than an exact prediction of finite-network terminal outcomes or
a tipping threshold separating all-green and all-greenwashing absorbing states.

4.2. Effects of topological heterogeneity on local interactions

Real-world supply chain networks, especially BA scale-free networks, are not homogeneous
networks. Their heterogeneous degree distributions imply that enterprises differ in the number of
interaction partners and opportunities for local strategy imitation. In heterogeneous networks, the global
greenwashing density f{z) is no longer the sole variable determining the system’s subsequent evolutionary
dynamics. The nodes’ strategy updates depend on their direct game payoffs with local neighbors.

For an enterprise i with degree k;, define its local greenwashing exposure as

q,-(z)=k121{s,(r>=3}, (17)

i JEN;

The local exposure measure gi(?) should be distinguished from the global greenwashing density
(1), as well as the group-level densities fu(?) and fy(2). It describes the strategy composition of node /I’s
immediate neighborhood and does not incorporate degree-based weighting across the entire network.

Under the accumulated-payoff mechanism defined in Section 3.2, the expected payoff of
enterprise #, conditional on its current strategy and its neighbors’ strategies, can be expressed as

E[Hz(t)| Si(t) = G’qi(t)] = ki[(l_qi(t))ﬁ—i—qz‘(t)g]’ (13)

E[IL, (1) s,(t) = B,q,(0]=k[(1~ (DT +4,()P], (19)

where (R,S,T,P) denote the probabilistic expectations of the corresponding stochastic payoff
distributions. For the symmetric baseline triangular specifications, these expectations coincide with
the weighted defuzzified values used in Section 4.1.
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Eq (18) and Eq (19) show that the expected accumulated payoffs depend jointly on the node degree
and local strategy composition. Although highly connected enterprises participate in more interactions,
a larger degree does not necessarily imply a higher realized payoff or greater imitation success.

Because the imitation target is selected uniformly from the focal enterprise’s neighbors, the
probability that node i selects a hub node is

[N, H |
ko

1

P(je Hl i)= (20)

This local probability differs from the aggregate hub degree share W, = 0.2234 reported in
Section 3.1. The latter measures the hubs’ contribution to total network degree and cannot be directly
substituted for individual neighbor selection probabilities.

Consequently, the evolutionary influence of hub nodes depends on their actual connections, initial
strategies, accumulated payoffs, and degree-dependent inertia. Network topology shapes the
opportunities and incentives for a strategy’s diffusion but does not independently determine whether
the finite network reaches an all-green or all-greenwashing absorbing state.

4.3. Conditional influence of hub strategy placement

In heterogeneous supply chain networks, hub nodes may influence greenwashing diffusion
through their connectivity, initial strategy choices, and strategic inertia. However, their influence is
conditional rather than sufficient to determine the network’s final evolutionary state.

To characterize the initial distribution of greenwashing strategies among highly connected
enterprises, define the hub greenwashing density as

1
Su(0)=——2> 1is,(t)= B}. (21)
| H | ieH
Similarly, the greenwashing density among peripheral enterprises is
1
)= 2 s, (=B}
N _| | ieP (22)

These quantities describe strategy composition within different network groups, while the global
greenwashing density satisfies

N-|H| £, (0). (23)

f@=%?&UH

The potential influence of hub strategies can be understood through three interacting mechanisms.
First, highly connected enterprises participate in more bilateral interactions, affecting the number of
local contacts through which their strategies may be observed. Second, under accumulated payoffs,
network degree contributes to differences in total payoff magnitudes, although the direction of the
resulting payoff advantage depends on the strategies of neighboring enterprises. Third, the degree-
dependent inertia mechanism reduces the probability that highly connected enterprises change their
existing strategies, potentially increasing the persistence of their initial choices.

These mechanisms do not imply that hub strategies determine network-wide outcomes. In
particular, the probability that a peripheral enterprise selects a hub as an imitation target depends on
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its actual neighborhood, as defined in Eq (20), rather than the aggregate hub degree share. Moreover,
imitation remains stochastic and depends on the local payoff differences.

Accordingly, the initial placement of greenwashing strategies may influence finite-horizon
evolutionary outcomes even when the initial number of greenwashing enterprises is held constant. This
motivates a comparison of high-degree, randomly selected, and low-degree initial placements, together
with alternative hub strategy configurations in the numerical experiments.

The purpose of this analysis is therefore to identify the conditions under which the network
position amplifies or attenuates greenwashing diffusion, rather than to establish an unconditional hub
anchoring effect or a universal threshold for all-green or all-greenwashing convergence.

4.4. Sensitivity of evolutionary incentives to fuzzy payoffs

Traditional mean-field theory relies on precise expected value calculations. However, in fuzzy
payoff environments, uncertainty in the payoff parameters may affect both the expected strategic
incentives and the stochastic evolutionary outcomes. This section examines how changes in the
optimistic bound of greenwashing temptation T° and the pessimistic bound of genuine green
cooperation RP influence the difference in payoff under the weighted defuzzification framework.

Substituting the defuzzified payoffs defined in Section 3.2 into Eq (15), the homogeneous mean-
field payoff difference becomes

A(f) == N[ D) =D, (R) |+ [ D(P)-D,(S)] (24)
For an interior equilibrium satisfying 0 < f* < 1, its location is

D (T)-D,(R)

S = D -D(R)+D.S)-D.(P)

(25)

Using the weighted defuzzification operator D,,(X) = (X? +2X" + X°)/ 4, the sensitivity of
the payoff difference to the optimistic bound of greenwashing temptation is
oA 1-f

=——20. 26
T’ 4 (26)

Similarly, the sensitivity to the pessimistic genuine green payoff bound is

94 __1=/ <y, 27)
OR” 4

These derivatives are calculated while holding the other payoff parameters and the greenwashing
density f fixed. They indicate that increasing T° strengthens the relative payoff incentive for
greenwashing, whereas increasing RP weakens it, under the homogeneous deterministic approximation.
Both sensitivities become zero at f = 1, where all interactions occur between greenwashing enterprises.

However, adjusting the bounds of a triangular payoff representation may also change the
probabilistic expectation and dispersion of the stochastic payoff distribution used in the numerical
simulations. Under the assumed triangular probability distribution, E[X] = (X? + X" + X°)/ 3,
which generally differs from the weighted defuzzified value for asymmetric triangular specifications.

Consequently, Eq (26) and Eq (27) characterize changes in the analytical payoff incentives rather
than sufficient conditions for convergence to either homogeneous absorbing state in the stochastic BA
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network. The numerical experiments therefore distinguish extreme boundary adjustments, which also
alter central payoff values, from mean-controlled changes in payoff interval widths.

From a governance perspective, reducing the upper bound of speculative greenwashing returns or
strengthening the lower bound of genuine green returns may shift relative strategic incentives toward
genuine green production. However, the consequences for finite-horizon greenwashing density remain
conditional on network connectivity, initial strategy placement, strategic inertia, and stochastic imitation.

4.5. Interactive effects of social learning intensity and strategic inertia

In heterogeneous networks, the diffusion of strategies among nodes relies on the social learning
mechanism. According to the modified Fermi rule defined in Chapter 3, the probability that node i
imitates node j after comparing payoffs is

P = =p
T T exp[n(IT, - T1)]

(28)

Let All;j = II; — II;. The effects of social learning intensity 7 and strategic inertia p; on the
imitation probability can be examined through their partial derivatives as follows:

oP. . —nAIT .
Fies _ 1= ppam, —SPCIL) (29)
o ' [+ exp(—nATL )]

P .

s _ ! 0. (30)

- <
ap, 1+exp(-nAll,)

These derivatives are evaluated for fixed payoft differences and other model parameters. Eq (29)
indicates that increasing social learning intensity raises the probability of imitation when the selected
neighbor has a higher payoff (411;; > 0), but reduces it when the neighbor has a lower payoff (411;; <0).
When the two payoffs are equal, learning intensity does not affect the imitation probability. Eq (30) shows
that greater strategic inertia consistently lowers the switching probability for a given payoff difference.

Two limiting cases further illustrate these mechanisms. When n — 0, payoff differences have
little influence on imitation, and

. 1-p,
limpP_ =——+. 31

n—0 iej 2

When 71 — o, the updating probability approaches

l-p, Al >0,
P_,—1{(-p)/2, Al =0, (32)
0, All, <0.

Thus, even under strong payoff sensitivity, the maximum switching probability is constrained by
strategic inertia. Moreover, a higher learning intensity does not necessarily favor genuine green
strategies, because its effect depends on the strategy and relative payoff of the selected neighbor.

Through the degree-dependent inertia mechanism, highly connected enterprises are assigned
greater resistance to strategy changes. This may increase the persistence of their existing strategies,
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but it does not imply irreversible lock-in. Consequently, the combined effects of learning intensity,
strategic inertia, and network position on the diffusion of greenwashing remain conditional on local
payoff differences and the evolving strategy distribution. Their network-level implications are
examined through sensitivity experiments in Chapter 5.

5. Numerical simulation
5.1. Simulation background and parameter calibration
5.1.1.  TIllustrative industry context and network configuration

The new energy vehicle power battery supply chain provides an illustrative context for examining
greenwashing behavior in the networks of interconnected enterprises. The industry involves battery
manufacturers, vehicle producers, and multiple tiers of material and component suppliers. Differences
in enterprises’ business relationships and connectivity motivate the use of a heterogeneous network
representation. Environmental information disclosure, carbon footprint reporting, and green supply
chain requirements also provide relevant contexts for examining the incentives associated with genuine
green practices and greenwashing.

However, the present study does not reconstruct an empirical transaction network of power
battery enterprises. Instead, a BA scale-free network is used as a stylized representation of
heterogeneous supply chain connectivity. Therefore, the simulated network should not be interpreted
as evidence that the actual power battery supply chain follows a BA degree distribution.

The network size is N = 100, and the attachment parameter is m = 3, with the network-
generating random seed fixed at 42. As defined in Section 3.1, the five nodes with the highest degree
are identified as the hub set, with degrees of 30, 28, 26, 23, and 23. Their aggregate degree share is
W, = 0.2234. The initial network state is set as follows: Among the five hub nodes with the highest
degree, two adopt the greenwashing strategy and three adopt the genuine green strategy; the initial
greenwashing ratio of peripheral nodes is 30%.

The 30% peripheral greenwashing ratio is an illustrative baseline assumption rather than an
empirically estimated industry prevalence rate. To examine the dependence of the results on this
assumption, Experiment 6 considers alternative initial ratios of 10%, 30%, 50%, and 70%.

Accordingly, the purpose of the simulations is to investigate evolutionary mechanisms under
controlled network and payoff conditions, rather than to predict the actual prevalence of greenwashing
among power battery supply chain enterprises.

5.1.2. Payoff matrix and fuzzy interval calibration

The payoff parameters are specified to represent stylized economic incentives associated with
genuine green production and greenwashing in supply chain interactions. Because firm-level bilateral
transaction payoffs and the economic consequences of greenwashing are difficult to observe directly,
the present study does not undertake empirical parameter estimation or calibration. Instead, normalized,
dimensionless payoff values are assigned to characterize differences in strategic incentives under
controlled simulation conditions.

Four payoff components are considered. The mutual green cooperation payoff R represents the
potential benefits of genuine green collaboration, including reputational advantages and access to
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green financing. The sucker’s payoff S captures the disadvantage experienced by a genuinely green
enterprise when interacting with a greenwashing counterpart. The temptation payoff T represents
potential short-term gains from greenwashing when the neighboring enterprise adopts genuine green
production. The mutual greenwashing payoff P represents the net consequences of interactions
between two greenwashing enterprises, including potential reputational and regulatory costs.

The baseline deterministic reference payoffs are specified as R =0.12, S =—0.02, T = 0.20,
and P =-0.03. These values are illustrative assumptions rather than estimates obtained from observed
financial statements, policy subsidy amounts, or transaction contracts. They represent a payoff
configuration in which unilateral greenwashing yields the highest individual payoff, while mutual
greenwashing produces a negative payoff.

To incorporate uncertainty, each payoff is represented by a triangular fuzzy number. The baseline
specifications are reported in Table 3. The model values correspond to the deterministic reference
payoffs, while the interval bounds represent alternative payoff realizations around these values. The
interval widths are selected for numerical experimentation rather than calibrated from empirical
probability distributions.

Under the baseline symmetric triangular specifications, weighted defuzzification and the
probabilistic expectation of triangular sampling produce identical central payoff values. Asymmetric
and alternative interval configurations are subsequently examined to assess the sensitivity to payoff
bounds and the choice of payoff representation.

Consequently, the quantitative results should be interpreted as conditional simulation outcomes.
Their purpose is to identify how network structure, behavioral mechanisms, and payoff assumptions
influence greenwashing’s evolution, rather than to estimate the actual monetary returns of
greenwashing in the power battery industry.

Table 3. Triangular fuzzy payoff parameter settings under the baseline scenario.

Fuzzy payoff parameter Triangular fuzzy number Ilustrative modeling assumptions

Synergy payoftf R (0.08, 0.12, 0.16) Green credit and carbon credit returns are moderate

Sunk loss S (—0.04, —0.02, 0.00) True green parties suffer reputational damage due to
greenwashing’s spillover

Short-term temptation 7 (0.14, 0.20, 0.26) Huge windfall window brought by speculation

Double-loss penalty P (—0.06,—0.03, 0.00) Administrative penalties and market reputation

collapse after fraud exposure

The interval width of the triangular fuzzy number, D = X° — XP, reflects the degree of certainty
in policy regulation. Specifically, this is as follows.

The interval for R is relatively narrow (D = 0.08): Domestic green credit benchmark interest
rates, carbon emission reduction support tools, and other financial policies possess strong continuity
and stability.

The interval for T'is relatively wide (D = 0.12): Greenwashing speculative returns depend strongly
on the length of the regulatory “window period”. The more ambiguous the policy, the greater the
fluctuation in speculative space.

The interval fluctuations for S and P: These are mainly derived from the unpredictability of
“campaign-style enforcement” in environmental regulation and fluctuations in consumer sentiment.

Journal of Industrial and Management Optimization Volume 22, Issue 12, 6166—6212.



6184

5.1.3. Illustrative nature and sensitivity strategy

Given the illustrative nature of the network and payoff parameters, the robustness of the
simulation findings is examined through systematic sensitivity analyses. These analyses evaluate
whether the observed evolutionary patterns depend on specific baseline assumptions rather than
establishing empirical representativeness.

The experiments investigate changes in the triangular payoff interval widths, extreme payoff
bounds, defuzzification operators, social learning intensity, strategic inertia, the BA network’s
attachment parameters, the initial strategy placement, payoff accumulation rules, and initial
greenwashing proportions. Where appropriate, additional control settings are used to distinguish
changes in payoff expectations from changes in uncertainty and to separate network position effects
from payoff evaluation effects.

All reported findings are interpreted within the tested parameter ranges and simulation horizon.
Statistical nonsignificance is treated as insufficient evidence of a difference rather than proof that two
mechanisms or configurations are equivalent. The detailed experimental settings and results are
presented in Sections 5.2-5.7.

5.1.4.  Simulation procedure, statistical inference, and reproducibility

To ensure the reproducibility of the numerical experiments, this study specifies the network
generation procedure, stochastic updating algorithm, random seed management, and statistical
inference methods. All simulations are implemented in Python using NetworkX, NumPy, and SciPy,
while Matplotlib is used for visualization.

The baseline supply chain network is generated using the BA preferential attachment model
through ‘networkx.barabasi albert graph (N, m,seed)’, with N =100 and m = 3. The network is
undirected, unweighted, and fixed throughout each simulation run. The five nodes with the highest
degrees are identified as hub enterprises. The baseline initialization assigns two hub nodes to
greenwashing and three to genuine green production, while 30% of peripheral enterprises initially
adopt greenwashing. Alternative network parameters, hub configurations, and initial strategy
allocations are examined in the corresponding sensitivity experiments.

The evolutionary process follows the asynchronous inertia-modified Fermi imitation mechanism
described in Section 3. At each time step, 20% of the enterprises are selected without replacement and
updated sequentially in randomized order. Each selected enterprise randomly chooses one neighboring
enterprise for comparison. If their strategies differ, their payoffs are evaluated according to the
specified payoff aggregation and stochastic sampling mechanisms. The focal enterprise then adopts the
neighbor’s strategy with the probability defined by the inertia-modified Fermi rule. Any strategy change
takes effect immediately, and the global greenwashing density is recorded after the updating process. The
complete simulation procedure, including BA network generation, strategy initialization, stochastic
payoff evaluation, and asynchronous Fermi updating, is presented in Algorithm A1 in Appendix A. The
baseline parameters and experiment-specific configurations are summarized in Table Al.

A root random seed of 42 is used to initialize reproducible simulations. The independent
network realizations, initial strategy configurations, and stochastic evolutionary updates are
generated using recorded random seed settings. Within paired experimental comparisons,
corresponding conditions share the same network realization and matched initialization procedure.
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The complete seed-generation rules and experimental configurations are documented in the
accompanying source code and metadata files.

Experiment 1 uses a fixed BA network with 20 matched Monte Carlo replicates. Experiments 2—6
have 20 independently generated BA networks, with 20 Monte Carlo replicates per network and
experimental condition. Each simulation is conducted for 1000 evolutionary time steps. The principal
outcomes include the global greenwashing density, terminal strategy distribution, quasi-convergence
diagnostics, and homogeneous absorbing-state outcomes.

For Experiments 2—6, statistical inference is performed using independent network-level means.
The 20 Monte Carlo outcomes within each network are first averaged, yielding one observation per
independent network. The overall mean and its two-sided 95% confidence interval are then calculated
across the 20 network-level means using Student’s ¢ distribution with 19 degrees of freedom.
Confidence bands for the evolutionary trajectories are constructed using the same procedure at each
recorded time step. For Experiment 1, confidence intervals are calculated across Monte Carlo
replicates, conditional on the fixed network’s realization.

Formally, let £, denote the mean terminal greenwashing density of the 20 Monte Carlo replicates
in a network @ as follows: f, =1/20%22, £, -(1000), f =1/20 Y22, f,.

The two-sided 95% confidence interval is calculated as Closz, = f + t0.975.19

Snet
V20’
the sample standard deviation of the 20 network-level means. This interval is a two-sided Student’s ¢

interval based on independent network-level means; it is neither a percentile bootstrap interval nor an
interval computed directly from all 400 Monte Carlo runs.

For matched comparisons involving multiple experimental conditions, Friedman tests are used to
assess overall differences. Paired Wilcoxon signed-rank tests with Holm adjustment are used for
subsequent pairwise comparisons. Runs that do not reach either homogeneous absorbing state within
the 1000-step observation horizon are classified as nonabsorbed and treated as right-censored in the
absorption time analysis. Quasi-convergence and absorption are reported as distinct outcomes.

The baseline parameters are summarized in Supplementary Table S1. Experimental
configurations, simulation scripts, random seed records, and numerical results are retained to support
independent verification. Information on the availability of the source code and output data is provided
in the Data and Code Availability statement.

where S, 1s

5.2. Experiment 1. The effect of the hub nodesinitial strategies on the system's final state
5.2.1.  Experimental setup

Experiment 1 examines how the initial strategies of highly connected hub firms influence
greenwashing evolution in a heterogeneous supply chain network. The experiment uses a BA scale-
free network with N = 100 and m = 3, where the five nodes with the highest degree are identified
as hub firms. The payoff parameters, degree-dependent strategic inertia, and asynchronous Fermi
imitation mechanism follow the baseline specifications described in Section 5.1.

The three scenarios are defined as follows.

Scenario A: All five hub nodes have their initial strategies locked to green (G), and the peripheral
nodes randomly select greenwashing with a 30% probability.

Scenario B: All five hub nodes have their initial strategies locked to greenwashing (B), and the
peripheral nodes randomly select greenwashing with a 30% probability.
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Scenario C: Among the top five hub nodes sorted by degree, the three hub nodes with the highest
degrees are initially green, and the remaining two hub nodes are initially greenwashing; the peripheral
nodes still randomly select greenwashing with a 30% probability. This setting simulates a transitional
scenario in the real-world supply chain where the leading core enterprise group exhibits preliminary
strategic divergence.

5.2.2.  Evolutionary curve comparison analysis

Figure 2 illustrates the evolution of the global greenwashing density f(t) under the three initial
hub strategy scenarios. The evolutionary trajectories exhibit distinct patterns, indicating that the initial
strategies of highly connected firms can influence the subsequent diffusion of greenwashing.

Under Scenario A, the mean greenwashing density initially decreases and subsequently rises
gradually. The terminal mean reaches 0.4320, with a 95% confidence interval of [0.2014, 0.6626]. This
indicates that initially green hub firms are associated with a lower terminal greenwashing density than in
the other scenarios, although they do not necessarily prevent the subsequent spread of greenwashing.

Under Scenario B, the greenwashing density increases rapidly during the early stages of evolution
and remains close to complete greenwashing adoption. The mean terminal density reaches 0.9675,
with a 95% confidence interval of [0.8995, 1.0000]. This suggests that initially greenwashing hub firms
can facilitate widespread diffusion under the specified network and behavioral conditions.

Scenario C exhibits an intermediate evolutionary pattern, with a terminal mean greenwashing
density of 0.7195 and a 95% confidence interval of [0.5251, 0.9139]. Its comparatively broad
confidence interval reflects substantial variation across Monte Carlo replicates, suggesting that mixed
initial hub strategies can lead to heterogeneous evolutionary outcomes.

=)
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Time step () Time step () Time step ()
a) Hub all green b) Hub all greenwashing ¢) Hub 3G 2B
—— Mean 95% CI Representative run

Figure 2. Impact of hub nodes’ initial strategies on the evolutionary path of the system’s
greenwashing density.

To provide a quantitative comparison of the three initial hub strategy configurations, Table 4
summarizes their terminal greenwashing densities, 95% confidence intervals, quasi-convergence
indicators, and homogeneous absorption outcomes.

The results indicate that Scenario B produces the highest terminal greenwashing density, followed
by Scenario C and Scenario A. The absorption rates are 90%, 95%, and 65%, respectively. Scenario C
also exhibits the lowest absorption frequency and the largest mean observed quasi-convergence step,
indicating more persistent variation in the evolutionary trajectories within the observation horizon.
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Table 4. Terminal outcomes under three hub initial strategies.

Indicator Scenario A Scenario B Scenario C
Mean terminal greenwashing density 0.4320 0.9675 0.7195
95%confidence interval [0.2014, 0.6626] [0.8995, 1.0000] [0.5251,0.9139]
Quasi-convergence rate 90.0% 100.0% 85.0%

Mean quasi-convergence step 388.00 281.35 476.12
Absorption rate 90.0% 95.0% 65.0%

Mean absorption time among absorbed runs 412.89 323.74 502.46

To evaluate the statistical differences among scenarios, a Friedman test is performed using the 20
matched replicates. The test identifies a significant overall difference (y7 = 13.614, p = 0.00111).
Subsequent paired Wilcoxon signed-rank tests with Holm correction indicate significant differences
between Scenarios A and B (p,q; = 0.00240) and between Scenarios B and C (p,q = 0.03168).
However, the difference between Scenarios A and C is not statistically significant (p,q; = 0.08481).

The corresponding mean terminal density differences are —0.5355 for A versus B, —0.2875 for A
versus C, and 0.2480 for B versus C. These findings provide statistical evidence that the all-
greenwashing hub configuration generates higher terminal greenwashing density than the other two
configurations under the fixed network design. Nevertheless, the nonsignificant A—~C comparison does
not establish equivalence between these scenarios.

Importantly, the scenarios differ in their initial numbers of greenwashing hub firms, and therefore
also in the total initial greenwashing count. Consequently, this experiment assesses the combined
consequences of alternative initial strategy configurations of the hubs rather than isolating a pure
network position effect. The latter issue is investigated separately in Experiment 5 through controls
that hold the total number of initially greenwashing firms constant.

5.2.3.  Visual display of network snapshots
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Figure 3. Evolution of network strategy snapshots under three initial hub strategy scenarios.

Journal of Industrial and Management Optimization Volume 22, Issue 12, 6166—6212.



6188

Figure 3 shows the average greenwashing frequency of each node across the 20 replicates, at four
time points t =0, 100, 500, 1000, under the three scenarios.

5.3. Experiment 2: Effect of the fuzzy payoff interval width on strategy evolution
5.3.1. Experimental setup

This experiment, under the initial hub strategy setting of “two greenwashing and three true green”,
explores the impact of varying degrees of market uncertainty—when all four game payoff parameters
are subject to different levels of fuzziness—on the system’s convergence rate and final state. Three
fuzziness levels are set: Low fuzziness, medium fuzziness, and high fuzziness, by proportionally
scaling the interval widths of the triangular fuzzy numbers. The complete triangular fuzzy payoff
specifications for the low-, medium-, and high-uncertainty conditions are presented in Table 5.

The triangular fuzzy parameters represent the pessimistic, realistic (most likely), and optimistic
values, respectively. The interval width is defined as Dy = X° — XP.

Table 5. Payoff interval parameter settings under different fuzziness levels.

Fuzziness level R S T P

Low (0.11,0.12, 0.13)  (-0.025,-0.02, —0.015) (0.18, 0.20, 0.22) (-0.035, —0.03, —0.025)
Medium (0.08,0.12,0.16) (—0.04,-0.02, 0.00) (0.14, 0.20, 0.26) (-0.06,—0.03, 0.00)
High (0.02,0.12,0.22) (—0.08, —0.02, 0.04) (0.06, 0.20, 0.34) (-0.09, —0.03, 0.03)

Because the three fuzziness levels are symmetric, the weighted defuzzification operator (X?P +
2X" + X°) /4 and the expected value of the triangular probability distribution (X? + X" + X°)/3
yield the same central payoff. Therefore, the homogeneous mean-field reference equilibrium is
identical across the three levels

. T-R _020-0.12
(T-R)+(S—P) 0.08+0.01

f ~0.8889 (33)

This value is the interior equilibrium of the homogeneous replicator dynamics, not the exact phase
transition threshold of the BA network. By keeping the central payoff levels fixed, this experiment
isolates the effect of payoff fluctuation magnitude on the evolutionary outcome.

To reduce the dependence of the results on a single network realization, the revised experiment
considers 20 independently generated BA networks. For each network and experimental condition, 20
Monte Carlo replicates are conducted over 1000 time steps, resulting in 400 simulation runs per
condition. The initial strategy configurations are matched across experimental conditions within each
network replicate. Statistical comparisons and confidence intervals are based on the 20 network-level
means rather than treating all simulation runs as independent observations.

5.3.2.  Evolutionary curve comparison analysis

Figure 4 shows the mean evolutionary trajectories of the greenwashing density under the three
fuzziness levels, together with the 95% confidence bands across 20 replicates.
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Figure 4. Evolution of global greenwashing density under different fuzziness levels.

All three trajectories rise over time and stabilize at high levels, but the confidence bands overlap
substantially throughout the evolution. This suggests that the degree of payoff uncertainty has limited
influence on the average evolutionary path.

Under all three uncertainty levels, the average greenwashing density increases over time. The
trajectories remain relatively close, with substantially overlapping confidence bands. The mean
terminal densities are 0.7449, 0.7497, and 0.7731 for low, medium, and high uncertainty, respectively.
Although the high-uncertainty condition produces a slightly higher terminal mean, the differences are
modest compared with the variability across network realizations.

Table 6. Terminal outcomes under different fuzziness levels and the deterministic benchmark.

Condition Mean f{1000) 95%ClI Absorption rate
Low uncertainty 0.7449 [0.6743, 0.8155] 79.0%
Medium uncertainty 0.7497 [0.6730, 0.8264] 77.0%
High uncertainty 0.7731 [0.7060, 0.8402] 78.5%
Deterministic benchmark 0.7522 [0.6746, 0.8299] 81.0%

Table 6 summarizes the terminal outcomes under the three uncertainty levels and the deterministic
benchmark. The deterministic condition yields a mean terminal greenwashing density of 0.7522,
comparable with those obtained under stochastic payoff sampling. A Friedman test based on the 20
matched network-level means does not identify a statistically significant difference among the four
conditions (2 = 2.1600,p = 0.5399). All pairwise Wilcoxon signed-rank comparisons are also
nonsignificant after Holm adjustment.

These findings indicate that within the tested parameter ranges, increasing symmetric payoff
interval widths does not produce a statistically detectable change in the terminal greenwashing density.
However, statistical nonsignificance does not establish equivalence or the absence of uncertainty
effects under other payoff configurations.

5.3.3.  Visual display of network snapshots

Figure 5 presents the spatial evolution states of the network at four time points (t = 0, 100, 500,
1000) under different fuzziness levels.
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Figure 5. Comparison of the evolution of network strategy snapshots under different
fuzziness levels.

As time progresses, the greenwashing frequency of nodes gradually increases, but noticeable spatial
heterogeneity remains among the different fuzziness levels. This indicates that the magnitude of payoff
fluctuations and local network interactions jointly affect the node-level strategy distribution. It should be
noted that the intermediate colors in the map of average frequency only represent the frequency of the
strategies’ occurrence across replicates and do not imply that firms adopt a third mixed strategy.

5.3.4. Defuzzification operator sensitivity

To further examine whether the choice of defuzzification operator affects the conclusions, an
auxiliary asymmetric payoff configuration is used in which the two operators (X? +2X" + X°) /4
and (XP + X" + X°)/ 3 no longer yield identical expected values. Table 7 compares the weighted
and centroid defuzzification operators under the asymmetric payoff configuration, reporting their
corresponding homogeneous mean-field reference equilibria, mean terminal greenwashing densities,
and 95% confidence intervals.

Table 7. Comparison of defuzzification operators under an asymmetric payoff configuration.

Operator f* f(1000) 95% CI
Weighted (X7 +2X" + X°) / 4 0.8919 0.7722 [0.7095, 0.8349]
Centroid (X + X"+ X°) / 3 0.8929 0.7442 [0.6767,0.8116]

The two operators yield closely positioned mean-field reference equilibria (0.8918 and 0.8929),
while the corresponding mean terminal greenwashing densities are 0.7722 and 0.7442. A paired
Wilcoxon signed-rank test based on network-level means does not identify a statistically significant
difference (p = 0.2774). Therefore, the present results do not provide sufficient evidence of a
systematic difference between the two operators under this asymmetric payoff configuration.

For the assumed triangular probability distribution, the probabilistic expectation coincides
numerically with the centroid operator. This does not imply equivalence with every possible definition

Journal of Industrial and Management Optimization Volume 22, Issue 12, 6166—6212.



6191

of fuzzy expectation. Accordingly, the present analysis is restricted to the specified weighted and
centroid operators, and no general equivalence is claimed.

5.3.5.  Robustness to stochastic payoff-sampling mechanisms

To assess whether the evolutionary outcomes depend on the stochastic payoff realization
mechanism, three alternative specifications are compared: Comparison-level resampling, edge-fixed
sampling, and run-fixed sampling. The first independently redraws bilateral payoffs during each local
payoff evaluation; the second fixes payoff realizations for each directed edge and strategy combination
within a simulation run; and the third draws one payoft vector (R,S, T, P) at the beginning of each
run and maintains it throughout its evolution.

Under the three mechanisms, the mean terminal greenwashing densities are 0.7480, 0.7167, and
0.6664, respectively, with network-level 95% confidence intervals of [0.6738, 0.8221], [0.6220,
0.8114], and [0.6150, 0.7177]. A Friedman test based on 20 matched network-level means identifies
an overall difference among the three mechanisms (y? = 6.1000, p = 0.0474. Subsequent paired
Wilcoxon signed-rank tests with Holm correction indicate a statistically significant difference between
comparison-level and run-fixed sampling (p,q; = 0.0459), while the remaining pairwise differences
are not statistically significant.

These findings suggest that the temporal persistence of stochastic payoff realizations can
influence the evolution of greenwashing under the investigated conditions. In particular, comparison-
level resampling produces a higher mean terminal greenwashing density than run-fixed sampling.
Nevertheless, the results should not be interpreted as establishing the superiority of a particular
sampling mechanism, since each specification represents a different assumption about the realization
of uncertain interaction payoffs.

5.4. Experiment 3: Extreme boundary values and mean-controlled comparison
5.4.1. Experimental setup

This experiment examines how extreme boundary values of the fuzzy payoffs affect the
evolutionary outcome. Two subexperiments are conducted.

Experiment 3A: Extreme boundary adjustment. Three scenarios are constructed, as shown in
Table 8. Scenario A is the baseline. In Scenario B, the optimistic value of the speculative payoft of
greenwashing T° is raised from 0.26 to 0.45, simulating a period of loose regulation with a wide
speculative window. In Scenario C, the pessimistic value of the payoff of genuine green strategies RP
is lowered from 0.08 to 0.01, simulating a situation in which genuine green strategies lack a minimum
payoff guarantee. The parameters S and P remain unchanged across all scenarios.

Table 8. Fuzzy payoff parameters in Experiment 3A.

Scenario R S T P

A: Baseline (0.08, 0.12, 0.16) (—0.04, -0.02, 0.00)  (0.14, 0.20, 0.26) (—0.06, —0.03, 0.00)
B: High T° (0.08, 0.12, 0.16) (—0.04, -0.02, 0.00)  (0.14, 0.20, 0.45) (—0.06, —0.03, 0.00)
C: Low R’ (0.01, 0.12, 0.16) (-0.04, -0.02, 0.00)  (0.14, 0.20, 0.26) (=0.06, —0.03, 0.00)
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The triangular fuzzy parameters represent the pessimistic, realistic, and optimistic values. In
Scenario B, the optimistic value of T is raised; in Scenario C, the pessimistic value of R is lowered.

It should be noted that adjusting the extreme boundary values in Scenarios B and C also changes
the corresponding expected defuzzified values. Using the weighted operator E,,(X) = (X? +2X" +
X°) / 4, the expected defuzzified values and the homogeneous mean-field reference thresholds are
reported in Table 9.

Table 9. Defuzzified payoffs and mean-field reference equilibria in Experiment 3A.

Scenario Ew(R) EwS) Ew(T) Ew(P) S*

A: Baseline 0.1200 —0.0200 0.2000 —0.0300 0.8889
B: High 7° 0.1200 —0.0200 0.2475 —0.0300 0.9273
C: Low R? 0.1025 —0.0200 0.2000 —0.0300 0.9070

Thus, the differences observed in Experiment 3A reflect the joint effect of boundary shifts and
changes in expected value.

Experiment 3B: Mean-controlled design. To isolate the effect of interval width, three scenarios (L,
M, H) are constructed with identical expected defuzzified values E,,(R) = 0.12, E,,(S) = —0.02,
E,,(T) =0.20and E,,(P) =-0.03, but different interval widths. The parameters are shown in Table 10.

Table 10. Fuzzy payoff parameters in Experiment 3B.

Scenario R T Dg Dr

L: Low width (0.10, 0.12, 0.14) (0.18, 0.20, 0.22) 0.04 0.04
M: Medium width (0.08,0.12, 0.16) (0.14, 0.20, 0.26) 0.08 0.12
H: High width (0.04, 0.12, 0.20) (0.10, 0.20, 0.30) 0.16 0.20

Both subexperiments are conducted on 20 independently generated BA networks, with 20 Monte
Carlo replicates per network and 1000 time steps per replicate. The same network realizations and
matched initial strategy configurations are used across conditions within each subexperiment.
Statistical inference is based on network-level mean outcomes to avoid treating simulation replicates
on the same network as independent observations.

Experiment 3A examines extreme payoff bound adjustments that change both the payoff
dispersion and payoff incentives. Experiment 3B complements this analysis by varying the widths of
the Rand T payoff intervals while keeping their weighted defuzzified values unchanged.

5.4.2. Evolutionary curve comparison analysis
Figure 6 shows the mean evolutionary trajectories of the greenwashing density under the three
scenarios of Experiment 3A, together with the 95% confidence bands across 20 replicates.

Under Scenario A, the greenwashing density increases gradually and reaches a lower terminal
level than those observed under Scenarios B and C.
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Figure 6. Evolutionary trajectories of greenwashing density under extreme boundary scenarios.

Under Scenario A, the mean greenwashing density increases gradually and reaches 0.9138 at T
= 1000. Under Scenario B, increasing the optimistic bound of the temptation payoff from 0.26 to 0.45
accelerates the diffusion of greenwashing, with the mean terminal density reaching 0.9994. Under
Scenario C, reducing the pessimistic bound of the genuine green payoff from 0.08 to 0.01 produces a
similar pattern, with a terminal density of 0.9970. Both adjusted scenarios approach the all-
greenwashing absorbing state within the simulation horizon.

Table 11. Terminal outcomes under extreme boundary scenarios (Experiment 3A).

Scenario Mean £{1000) 95%CI All green AllB Mixed
A: Baseline 0.9138 [0.8842, 0.9433] 17 339 44

B: High 7° 0.9994 [0.9984, 1.0000] 0 396 4

C: Low R 0.9970 [0.9943, 0.9996]. 0 388 12

Table 11 reports the terminal greenwashing density f{1000), the 95% confidence interval, the
decomposition of the absorbing state, and the mean convergence step for each scenario. To determine
which extreme payoff bound adjustments are associated with statistically detectable differences in
terminal greenwashing density, Table 12 reports the pairwise mean differences and Holm-adjusted p-
values for the three scenarios.

Table 12. Pairwise comparison in Experiment 3A.

Comparison Mean difference Holm-adjusted p
AvsB —0.0856 572 X 10°°
AvsC —0.0832 572 X 10°°
BvsC 0.0024 0.0841

A Friedman test based on the 20 matched network-level means identifies a statistically significant
overall difference among the three scenarios (y? = 34.3333, p = 3.50 x 10°®). Subsequent paired
Wilcoxon signed-rank tests with Holm correction reveal significant differences between Scenarios A
and B and between Scenarios A and C (both adjusted p = 5.72 x 107°). However, the difference
between Scenarios Band C is not statistically significant (adjusted p = 0.0841).
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These results indicate that increasing speculative greenwashing returns or reducing genuine green
cooperation payoffs is associated with higher terminal greenwashing density. However, these
adjustments also alter the central payoft values, so their effects cannot be attributed solely to changes in
the interval width. The nonsignificant difference between Scenarios B and C does not imply equivalence.

5.4.3. Visual display of network snapshots

Figure 7 shows the average greenwashing frequency of each node across 20 replicates, at four
time points £ =0, 100, 500, 1000, under the three scenarios of Experiment 3A.

Under Scenario A, greenwashing gradually spreads across the network, although some spatial
heterogeneity remains at the final observation time. Under Scenario B, a higher optimistic temptation
payoff is associated with more rapid diffusion of greenwashing, and nearly all nodes exhibit high
greenwashing frequencies by t = 500. Scenario C displays a similar pattern, with widespread
greenwashing during the later stages.

These patterns are consistent with the terminal outcomes reported in Table 11. However, the
snapshots provide a descriptive illustration of the evolutionary process rather than independent
statistical evidence of the differences among scenarios.

a) Baseline

b) High 7

t=0 t=100 t=500 t=1000

© Hubnode

2 04 06 08 10
Average greenwashing frequency (0 = all green, 1 = all B)

Figure 7. Network snapshots of average greenwashing frequency under extreme boundary scenarios.
5.4.4. Mean-controlled comparison (Experiment 3B)

Figure 8 illustrates the evolutionary trajectories of greenwashing density under the three mean-
controlled payoff interval width configurations. The weighted defuzzified values of the four payoff
components remain constantat R =0.12, § =—0.02, T =0.20,and P =-0.03, while the widths of
the R and T payoff intervals are varied.

The three scenarios exhibit similar evolutionary trajectories, with mean greenwashing density
increasing throughout the simulation horizon. Although individual simulation runs display noticeable
fluctuations, the mean trajectories remain relatively close, and their network-level confidence intervals
overlap substantially.
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Figure 8. Evolutionary trajectories of greenwashing density under different mean-
controlled payoff interval widths.

Table 13 reports the terminal outcomes under the three mean-controlled payoff interval width
configurations. The mean terminal greenwashing densities are 0.8939, 0.9159, and 0.9084 for low,

medium, and high interval widths, respectively.

Table 13. Terminal outcomes under mean-controlled interval widths (Experiment 3B).

Scenario Mean f{1000) 95%CI All green AllB Mixed
L: Low width 0.8939 [0.8637, 0.9241] 25 325 50
M: Medium width ~ 0.9159 [0.8945, 0.9372] 17 322 61
H: High width 0.9084 [0.8797, 0.9370] 19 325 56

A Friedman test based on 20 matched network-level means does not identify a statistically
significant difference among the three conditions (¥? = 2.8000,p = 0.2466). Pairwise Wilcoxon
signed-rank tests with Holm correction also yield nonsignificant results (L vs. M: p,q; =0.3638; L vs.

H: pagj =0.4910; M vs. H: p,g; =0.7012).

These results indicate that varying the selected payoff interval widths while maintaining identical
central payoffs does not produce statistically detectable differences in terminal greenwashing density
within the investigated parameter range. Nevertheless, statistical nonsignificance should not be
interpreted as evidence that the three configurations are equivalent.

Together with Experiment 3A, this comparison suggests that the strong changes observed under
extreme boundary adjustments are associated with changes in payoff incentives as well as uncertainty
specifications, rather than demonstrating a general monotonic effect of payoff the interval width alone.

5.5. Experiment 4. Interactive effects of social learning intensity and strategic inertia
5.5.1.  Experimental setup

Experiment 4 examines the effects of social learning intensity and strategic inertia on
greenwashing’s evolution. Three learning intensity levels,n =0.5, 1.2, and 2.5, are combined with two

Journal of Industrial and Management Optimization Volume 22, Issue 12, 6166—6212.



6196

degree-dependent inertia configurations: Low inertia, (0min> Pmax) = (0.2, 0.4), and high inertia, (0,
Pmax) = (0.6, 0.8), yielding six experimental conditions.

The experiment uses 20 independently generated BA networks with N =100 and m = 3. Each
condition is replicated 20 times per network over 1000 evolutionary time steps, resulting in 400
simulations per condition. The initial configuration contains two greenwashing hub firms and three
genuinely green hub firms, with 30% of peripheral firms initially adopting greenwashing. Matched
initial strategy configurations are used across the six conditions within each network replicate.
Statistical comparisons are performed using network-level means.

The triangular payoff parameters follow the baseline configuration in Table 3, and the
asynchronous Fermi imitation mechanism remains unchanged. Under the inertia-modified update rule,
greater inertia reduces the probability of switching strategy for a given payoff difference, whereas the
effect of learning intensity depends on the sign and magnitude of that difference.

5.5.2.  Evolution of greenwashing density

Figure 9 presents the mean evolutionary trajectories of greenwashing density under the six
combinations of learning intensity and strategic inertia. Subplots (a)—(c)correspond to 1 = 0.5, 1.2,
and 2.5, respectively. The solid blue curves represent low-inertia conditions, while the dashed red
curves represent high-inertia conditions. The shaded bands indicate 95% confidence intervals based

on network-level means.
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Figure 9. Evolutionary trajectories of greenwashing density under different learning
intensities and inertia configurations.

5.5.3. Terminal outcomes

Table 14 summarizes the terminal greenwashing densities, network-level 95% confidence
intervals, and absorbing state outcomes under the six combinations of social learning intensity and
strategic inertia.

Under low inertia, the mean terminal greenwashing density increases from 0.8594 at n = 0.5 to
0.9545 at n = 1.2, before decreasing to 0.9160 at n = 2.5. Under high inertia, the corresponding
terminal densities are 0.7838, 0.8925, and 0.8887.

At each learning intensity, the high-inertia configuration produces a lower mean terminal
greenwashing density than the low-inertia configuration. The differences are 0.0756, 0.0620, and
0.0273 at n =0.5, 1.2, and 2.5, respectively.
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Table 14. Terminal outcomes under different learning intensities and inertia configurations.

n Inertia Mean £{1000) 95% CI All green AllB Not absorbed
0.5 Low 0.8594 [0.8310, 0.8877] 48 313 39

0.5 High 0.7838 [0.7381, 0.8295] 27 181 192

1.2 Low 0.9545 [0.9318, 0.9772] 14 368 18

1.2 High 0.8925 [0.8576, 0.9274] 10 260 130

2.5 Low 0.9160 [0.8704, 0.9616] 22 347 31

2.5 High 0.8887 [0.8588, 0.9186] 2 273 125

The absorption outcomes also vary across inertia configurations. High-inertia conditions exhibit
lower absorption rates within the 1000-step horizon (52.00%, 67.50%, and 68.75% for n =0.5,1.2,2.5,
respectively) compared with the low-inertia conditions (90.25%, 95.50%, and 92.25%). This suggests
that greater resistance to strategy switching can delay the attainment of homogeneous absorbing states.
Nevertheless, terminal density and absorption are distinct outcomes, and these descriptive differences do
not independently establish an interaction effect between learning intensity and inertia.

5.5.4. Statistical comparison

To evaluate the effects of learning intensity and strategic inertia, statistical comparisons are
conducted using the 20 matched network-level means. Learning intensity is examined by comparing
terminal densities averaged across the two inertia configurations, while the overall inertia effect is
assessed using paired differences averaged across the three learning intensity levels. The statistical
comparisons are summarized in Table 15, including the overall effects of learning intensity and
strategic inertia and the test of their interaction based on paired network-level contrasts.

Table 15. Pairwise comparison between low and high inertia at each learning intensity.

Effect Test Statistic p-value
Learning intensity Friedman x?=17.1000 0.000194
Strategic inertia Paired Wilcoxon w=17.0 0.0000362
Learning intensity X inertia Friedman on paired contrasts x?=4.3000 0.1165

The Friedman test identifies a statistically significant overall difference among learning intensity
levels (¥? = 17.1000, p = 0.000194). Subsequent paired Wilcoxon signed-rank tests with Holm
correction indicate significant differences between n = 0.5 and n = 1.2 (p,g; = 0.000109) and

between 1 =0.5and 1 = 2.5 (p,g; = 0.00631). However, the difference between n = 1.2 and n =
2.5 is not statistically significant (p,g; = 0.2396).

For strategic inertia, the mean difference between low- and high-inertia configurations, averaged
across learning intensity levels, is 0.0550, with a 95%confidence interval of [0.0333, 0.0766]. The
paired Wilcoxon signed-rank test indicates a statistically significant overall inertia effect (p =
0.0000362). This finding suggests that higher inertia is associated with lower terminal greenwashing
density under the investigated configurations.
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To formally examine the interaction between learning intensity and strategic inertia, the high
minus low inertia contrast is calculated for each learning intensity within every network realization.
The mean contrasts are —0.075, —0.0620, and —0.0273 at n = 0.5, 1.2, and 2.5, respectively.

Although the magnitude of the inertia contrast decreases numerically as the learning intensity
increases, a Friedman test does not identify a statistically significant difference among these contrasts
(x? =4.3000, p = 0.1165). All pairwise comparisons are also nonsignificant after Holm correction.
Therefore, the present evidence supports separate effects of learning intensity and strategic inertia but
does not establish a statistically significant interaction between them.

These findings should be interpreted within the tested parameter ranges and network
configurations rather than as evidence of universally optimal learning intensity or inertia levels.

5.5.5.  Network snapshots

Figure 10 shows the average greenwashing frequency of each node across the 20 replicates, at
four time points t =0, 100, 500, 1000, under the six conditions.

Rows correspond to low and high inertia; columns correspond to the three learning intensities and
four time points. Node colors indicate the average frequency with which a node adopts the
greenwashing strategy over 20 replicates. Hub nodes are highlighted with thick black outlines, and a
horizontal color bar is placed at the bottom.

Under low inertia, the network at 7 =1.2 and n =2.5 turns deep red by t =500, indicating the
rapid diffusion of greenwashing across the whole network. Under high inertia, even at n =2.5, a
noticeable number of orange and yellow-green nodes remain, indicating that inertia delays the
complete lock-in of greenwashing. In addition, under high inertia, the hub nodes exhibit greater
heterogeneity in their strategy distribution, with some hubs maintaining relatively low greenwashing
frequencies across most replicates.

VIR RFREREED

High Inertia

© b me

Figure 10. Network snapshots of average greenwashing frequency under different learning
intensities and inertia configurations.
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5.6. Experiment 5: Sensitivity analysis of BA network parameters and hub strategy configuration
5.6.1.  Experimental setup

Experiment 5 examines how the network’s topology, the initial placement of greenwashing,
payoff evaluation, and strategic inertia influence greenwashing’s evolution. Five subexperiments are
conducted to evaluate the conditional effects of these mechanisms.

Experiment 5A investigates the BA attachment parameter m =2, 3, 5 under a fixed network size
N = 100. Experiment 5B compares three initial placement configurations for greenwashing—high-
degree, random, and low-degree—while fixing the total number of initial greenwashing firms at 30.
Experiment 5C compares accumulated and degree-normalized payoff evaluation across the three
attachment parameters. To ensure consistency, the accumulated payoff results from Experiment SA are
reused directly in Experiment 5C.

Experiment 5D extends the robustness analysis to network sizes N = 100, 200, 300, hub counts
K= 3, 5, 10, and four inertia specifications: degree-dependent, constant, reverse-degree, and random
inertia. Experiment 5E further examines the conditional effects of the initial placement of
greenwashing by comparing the baseline model, degree-normalized payoffs, the removal of strategic
inertia, and the combination of both modifications.

Each experimental condition is evaluated using 20 independent BA network realizations, with 20
Monte Carlo replicates per network and 1000 evolutionary time steps per replicate. Statistical inference
is based on network-level means. Friedman tests are used for overall comparisons, followed by paired
Wilcoxon signed-rank tests with Holm adjustment where appropriate. The baseline triangular payoff
specifications, stochastic payoff sampling assumption, and asynchronous Fermi imitation rule remain
consistent with Section 5.1.

5.6.2.  Subexperiment SA: Effect of the BA connection parameter on the terminal state

Experiment 5A examines the sensitivity of terminal greenwashing density to the BA attachment
parameter m. Table 16 presents the terminal outcomes under the three network configurations.

Table 16. Terminal outcomes under different BA attachment parameters.

Configuration Mean f{1000) 95% CI Absorption rate
m=2 0.6531 [0.5526, 0.7536] 79.0%
m=3 0.8776 [0.8140, 0.9411] 80.5%
m=5 0.9973 [0.9940, 1.0000] 98.0%

The mean terminal greenwashing density increases from 0.6531 at m =2 to 0.8776 at m = 3,
reaching 0.9973 at m = 5. The corresponding absorption rates are 79.0%, 80.5%, and 98.0%,
respectively, indicating that the configuration with the highest connectivity is more frequently
absorbed within the simulation horizon.

A Friedman test based on the 20 matched network-level means identifies a significant overall
difference among the three attachment parameters (y2 = 18.2000, p =0.000112). Subsequent paired
Wilcoxon signed-rank tests with Holm adjustment indicate significant differences among all three pairs
(all adjusted p = 0.00586).
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These findings indicate that greater BA connectivity is associated with higher terminal
greenwashing density under the accumulated payoff specification. However, increasing m changes
both the network connectivity and the number of bilateral interactions contributing to accumulated
payoffs. Therefore, the observed differences cannot be attributed exclusively to the network’s structure.
The contribution of payoff accumulation is examined separately in Experiment 5C.

5.6.3. Evolutionary curve comparison
Figure 11 illustrates the mean evolutionary trajectories of greenwashing density under the three

BA attachment parameters. The solid curves represent the average trajectories across network
realizations, and the shaded regions indicate 95% confidence intervals based on network-level means.
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Figure 11. Evolutionary trajectories of greenwashing density under different BA
attachment parameters.

All three configurations exhibit increasing greenwashing density during the evolutionary process.
However, the trajectories diverge as evolution proceeds. Under m = 2, the mean density increases
initially but subsequently remains around 0.65 during the later stages. Under m = 3, greenwashing
continues to spread and approaches 0.88 at the final observation time. Under m =5, the mean density
increases more rapidly and approaches the all-greenwashing absorbing state.

5.6.4. Sub-experiment 5B: Effect of greenwashing’s initial placement

Experiment 5B investigates whether greenwashing’s initial placement affects the evolutionary
outcomes when the total number of initially greenwashing firms is fixed at 30. Three configurations
are compared: Placement among the 30 highest-degree nodes, random placement, and placement
among the 30 lowest-degree nodes. Table 17 presents the terminal greenwashing densities and
associated uncertainty estimates for the high-degree, random, and low-degree placement
configurations, with the total number of initial greenwashing enterprises fixed at 30.

The high-degree placement produces the highest mean terminal greenwashing density (0.9609),
followed by random placement (0.7744) and low-degree placement (0.3609). The difference between
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the high- and low-degree configurations reaches approximately 0.6000, indicating substantial
sensitivity to the initial network position.

Table 17. Terminal outcomes under different initial greenwashing placements.

Initial placement Mean £(1000) 95% CI Absorption rate
High-degree 0.9609 [0.9348, 0.9869] 93.0%
Random 0.7744 [0.6742, 0.8745] 75.5%
Low-degree 0.3609 [0.2086, 0.5132] 90.5%

A Friedman test identifies a significant overall difference among the three placement
configurations (y2 =20.0000, p =4.54 x 107°). All three paired comparisons remain significant after
Holm adjustment (adjustedp = 0.00586).

These results suggest that the initial placement of greenwashing among highly connected firms is
associated with substantially greater subsequent diffusion under the baseline model. Because the initial
number of greenwashing firms and the network configurations are controlled, the differences cannot
be explained solely by the initial prevalence of greenwashing.

However, highly connected nodes also accumulate more bilateral payoffs and are assigned different
inertia values under the baseline model. Therefore, the results do not independently identify a pure
network position effect. Experiments 5C and 5E further examine the contribution of these mechanisms.

5.6.5. Subexperiment 5C: Role of the payoff accumulation mechanism

Experiment 5C compares accumulated and degree-normalized payoffs under the three BA
attachment parameters. The accumulated payoff results are identical to those reported in Experiment
5A, ensuring consistency between the two subexperiments. Table 18 compares the terminal
greenwashing outcomes under accumulated and degree-normalized payoff evaluation for the three BA
attachment parameters (m = 2, 3, and 5). The accumulated payoff entries are taken from Experiment
5A to ensure consistency between the two subexperiments.

Table 18. Terminal outcomes under accumulated and degree-normalized payoffs.

Configuration Accumulated payoff Degree-normalized payoff Mean difference
m=2 0.6531 0.5814 0.0717
m=3 0.8776 0.6188 0.2588
m=5 0.9973 0.6298 0.3675

Under accumulated payoffs, the terminal greenwashing density increases substantially as m
increases. In contrast, the corresponding densities under degree-normalized payoffs are 0.5814, 0.6188,
and 0.6298, showing much smaller numerical variation across network configurations.

A Friedman test across the six configurations identifies an overall difference (y? = 33.0286, p
=3.71 x 10°°). However, when all 15 pairwise comparisons are adjusted using the Holm procedure,
the accumulated versus normalized comparison is significant at m = 5 (adjusted p = 0.0293), but
not at m =2 (adjusted p =1.0000) or m =3 (adjusted p = 0.0684).
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These results indicate that the accumulation of payoff contributes to the observed sensitivity to
BA connectivity. Degree normalization substantially reduces the numerical differences across network
configurations, particularly at higher connectivity levels. Nevertheless, degree normalization does not
eliminate the effects of network topology on neighbor selection or social imitation, and the present
results do not establish complete independence from the network’s structure.

5.6.6. Robustness to network size, hub classification, and strategic inertia (Experiment 5D)

Experiment 5D extends the sensitivity analysis by varying the network size, hub count, and the
relationship between network degree and strategic inertia.

For network size, the mean terminal greenwashing densities are 0.8752, 0.8198, and 0.7219 at N
=100, 200, and 300, respectively. The Friedman test identifies an overall difference (p = 0.000371).
Holm-adjusted pairwise tests indicate significant differences between N = 100 and N = 300 and
between N =200 and N =300 (both adjusted p = 0.00586), whereas the difference between N =
100 and N =200 is not significant (adjusted p = 0.0645).

The absorption rates also decrease from 86.0% at N =100 to 57.5% at N =200 and 31.5% at
N =300. Therefore, the lower terminal densities in larger networks should be interpreted within the
fixed 1000-step horizon rather than as evidence that increasing the network size necessarily suppresses
greenwashing in the long run.

When the hub count is varied across K =3, 5, 10, the corresponding terminal densities are 0.9449,
0.9324, and 0.8982. The Friedman test does not identify a significant overall difference (p = 0.2725).
Because changing the hub count also affects the initialization of hub strategies, these outcomes
represent sensitivity to the hub configuration rather than a pure classification effect.

Finally, degree-dependent, constant, reverse-degree, and random inertia yield mean terminal
densities of 0.9274, 0.9422, 0.9412, and 0.9724, respectively. The overall Friedman test is not
statistically significant (p = 0.0560), and none of the pairwise comparisons remains significant after
Holm correction.

Taken together, Experiment 5D indicates that finite-horizon outcomes are sensitive to network
size, whereas the selected hub count and inertia specifications do not produce statistically detectable
overall differences within the present design. These results also demonstrate that the findings should
not be generalized independently of the network size, observation horizon, or initialization procedures.

5.6.7. Mechanism ablation of greenwashing’s initial placement (Experiment 5E)

Experiment SE further examines the relationship between the initial placement of greenwashing,
payoff accumulation, and strategic inertia. The total number of initial greenwashing firms remains
fixed at 30, and three placement configurations are examined under four behavioral mechanisms.

The baseline mechanism combines accumulated payoffs with degree-dependent inertia. The
alternative specifications use degree-normalized payoffs, removal of strategic inertia, or both
modifications simultaneously. Table 19 summarizes the terminal greenwashing densities under 12
experimental configurations combining three initial strategy placement patterns with four payoff
evaluation and inertia mechanisms. These comparisons help assess the sensitivity of placement effects
to alternative behavioral assumptions.
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Table 19. Terminal greenwashing densities under alternative placement and behavioral mechanisms.

Initial placement Baseline No inertia Normalized Both

High-degree 0.9609 0.9655 0.8638 0.8099
Random 0.7744 0.9322 0.5398 0.6115
Low-degree 0.3609 0.4600 0.2901 0.4424

Under the baseline mechanism, high-degree placement produces the highest terminal
greenwashing density, followed by random and low-degree placements. This ordering is also observed
descriptively under the three alternative behavioral mechanisms.

Degree normalization reduces the mean terminal greenwashing density for all three placement
configurations. For example, under high-degree placement, the mean decreases from 0.9609 to 0.8638,
while under random placement, it decreases from 0.7744 to 0.5398. However, removing strategic inertia
alone does not consistently reduce greenwashing. Under random placement, the terminal density
increases from 0.7744 to 0.9322, while under low-degree placement, it increases from 0.3609 to 0.4600.

The high minus low placement difference decreases from approximately 0.6000 under the
baseline mechanism to 0.5737 with degree-normalized payoffs and 0.3675 when normalization and
inertia removal are combined. These numerical changes indicate that the magnitude of the placement
effect depends on the payoff and behavioral specifications.

A Friedman test across all 12 conditions identifies an overall difference (y2 = 94.7042, p <
0.001). However, none of the 66 pairwise comparisons remains statistically significant after Holm
correction across the full comparison family. Therefore, the numerical differences are interpreted
primarily as descriptive evidence of conditional mechanisms rather than as statistically established
effects for every individual contrast. To illustrate how the different behavioral mechanisms influence
the evolutionary process beyond terminal outcomes, Figure 12 presents the trajectories of
greenwashing density under the alternative initial placement and mechanism ablation configurations.

Overall, Experiment 5E suggests that the association between the initial network position and
terminal greenwashing remains descriptively evident under several alternative mechanisms, while its
magnitude changes with payoff normalization and inertia assumptions. The findings qualify the
influence of hub position and do not establish a universally independent hub anchoring effect.

=

0 200 400 600 800 1000 0 200 400 600 800 1000 0 200 400 600 800 1000
Time step ¢ Time step ¢ Time step ¢

(a) High-degree placement (b) Random-degree placement (c) Low-degree placement

—— Accumulated, inertia Normalized, inertia == Accumulated, no inertia == Normalized, no inertia

Figure 12. Evolutionary trajectories under different initial placements of greenwashing
and behavioral mechanisms.
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5.7. Experiment 6. Robustness check on the initial greenwashing ratio
5.7.1.  Experimental setup

To test whether the baseline conclusions depend on the initial greenwashing ratio of peripheral
firms, this experiment varies the initial ratio to 10%, 30%, 50%, and 70%, while keeping the BA
network’s topology, fuzzy payoff parameters, social learning intensity, strategic inertia, and update
mechanism unchanged.

The experiment is conducted on 20 independently generated BA networks with N =100 and m
= 3. For each network and initial greenwashing condition, 20 Monte Carlo replicates are performed
over 1000 time steps, yielding 400 simulation runs per condition. The five hub firms with the highest
degree retain the same initial configuration of two greenwashing firms and three genuinely green firms.
Nested peripheral greenwashing sets are used across the four conditions within each matched replicate.
Statistical inference is based on the 20 independent network-level means.

5.7.2.  Evolution of greenwashing density

Figure 13 presents the evolutionary trajectories of greenwashing density under the four initial
peripheral greenwashing ratios. The conditions begin with different greenwashing densities, reflecting
their initial strategy configurations. The mean terminal greenwashing densities are 0.9373, 0.9315,
0.9474, and 0.9680 for the 10%, 30%, 50%, and 70% conditions, respectively.

1.0

Greenwashing density f(r)

—_— 10% = 50%

30% = 70%

0.0
0 200 400 600 800 1000

Time step

Figure 13. Evolutionary trajectories of greenwashing density under different initial ratios.

Despite differences in the initial prevalence of greenwashing, all four conditions exhibit high
mean terminal densities. However, the terminal outcomes are not strictly monotonic with respect to
the initial ratio. The statistical significance of these differences is examined using matched network-
level comparisons in Section 5.7.3.

5.7.3. Terminal outcomes and statistical tests

Table 20 summarizes the terminal greenwashing densities and absorbing state outcomes under the
four initial greenwashing ratios.
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Table 20. Terminal outcomes under different initial greenwashing ratios.

Initial ratio Mean f(1000) 95% CI All green AllB Not absorbed
10% 0.9373 [0.9209, 0.9536] 12 336 52
30% 0.9315 [0.9012, 0.9618] 9 326 65
50% 0.9474 [0.9262, 0.9685] 10 344 46
70% 0.9680 [0.9558, 0.9806] 4 362 34

The mean terminal densities range from 0.9315 to 0.9680, indicating that greenwashing-dominant
outcomes remain prevalent across the tested initial configurations.

A Friedman test based on 20 matched network-level means identifies a statistically significant
overall difference among the four conditions (y? = 10.2600, p = 0.01648). However, subsequent
paired Wilcoxon signed-rank tests with Holm correction do not identify any statistically significant
pairwise differences. The smallest adjusted p -value is 0.0566 for the comparison between the 30%
and 70% conditions.

The all-greenwashing absorbing state is reached in 336, 326, 344, and 362 out of 400 runs for the
four initial ratios, respectively. The corresponding absorption rates, including both homogeneous
absorbing states, are 87.0%, 83.75%, 88.5%, and 91.5%. Runs that do not reach an absorbing state
within 1000 steps are treated as right-censored in absorption time analysis.

These results suggest that high terminal greenwashing densities occur across a broad range of
initial strategy proportions under the tested parameter configuration. Although the overall statistical
test detects differences, the pairwise evidence is insufficient to establish which specific initial ratios
differ after multiple comparison adjustment. The findings therefore support a conditional robustness
interpretation rather than independence from initial conditions.

5.7.4. Network snapshots

’ .- o’ . ; og.b'

-* % ViR

L O Vi T

Figure 14. Network snapshots of average greenwashing frequency under different initial ratios.
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Figure 14 presents the spatial evolution of greenwashing strategies under the four initial ratios at
t =0, 100, 500, and 1000. Node colors indicate the average greenwashing frequency across Monte
Carlo replicates for the displayed network, while the hub nodes are highlighted with black outlines.

Under the 10% initial ratio, the network starts from a relatively green state and turns
greenwashing-dominant after approximately 500 steps. Under the 70% initial ratio, the network starts
with an orange-red dominance and turns almost entirely deep red by t = 1000. The differences in
spatial distribution among the four scenarios gradually shrink in the mid-to-late stage, and all four
exhibit a greenwashing-dominant pattern at ¢t = 1000.

6. Conclusions and prospects
6.1. Research conclusions

Taking the new energy vehicle power battery supply chain as an illustrative application context,
this study develops an evolutionary game model on a BA scale-free network by integrating triangular
fuzzy payoff representations, degree-dependent strategic inertia, and bounded-rationality Fermi
imitation. Through theoretical analysis and repeated Monte Carlo simulations, the study examines how
the network structure, strategies’ initial placement, payoff uncertainty, and behavioral mechanisms
jointly influence greenwashing’s evolution. The main findings are summarized as follows.

First, the network position and initial placement of the strategy substantially influence
greenwashing’s evolution, but hub nodes do not unconditionally determine the final state. The results
indicate that highly connected enterprises may influence diffusion through local interactions,
accumulated payoffs, and greater strategic inertia. When the same number of initially greenwashing
enterprises is assigned to high-degree, randomly selected, and low-degree nodes, substantial
differences in terminal greenwashing density are observed. These differences indicate that the location
of initial strategies matters beyond their overall number, although the effect remains conditional on the
network relationships and payoff evaluation mechanisms. Furthermore, Experiment 6 shows that
greenwashing-dominant outcomes occur across initial peripheral greenwashing ratios of 10%, 30%,
50%, and 70%. The overall Friedman test identifies a statistically significant difference (p = 0.01648),
but none of the pairwise comparisons remains significant after Holm adjustment. These results support
a conditional interpretation of robustness to the initial conditions rather than independence from the
initial proportions of the strategy.

Second, uncertain payoffs influence evolutionary incentives, but changes in the payoff bounds do
not universally determine convergence outcomes. The theoretical analysis indicates that increasing the
optimistic bound of speculative greenwashing returns strengthens the relative incentive for
greenwashing, whereas increasing the pessimistic bound of genuine green returns weakens that
incentive. The extreme boundary experiments produce higher terminal greenwashing densities than the
baseline configuration. However, these adjustments also change the corresponding central payoff values,
so their effects cannot be attributed solely to uncertainty width. Under the tested mean-controlled
configurations, differences in the payoff interval width are not statistically significant. In addition, the
stochastic payoff sampling experiments show that the temporal persistence of payoff realizations can
affect the evolutionary outcomes. These findings emphasize the importance of distinguishing fuzzy
payoff representations, deterministic defuzzification, and probabilistic payoft sampling.

Third, social learning intensity and strategic inertia influence local strategy updating, but their
network-level effects are conditional. The inertia-modified Fermi rule shows that increasing learning
intensity raises the probability of imitating a neighbor with a higher payoff while reducing the
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probability of imitating one with a lower payoff. Greater inertia lowers the switching probability for a
given payoff difference. The numerical results identify overall statistically significant differences
associated with learning intensity and inertia. However, terminal greenwashing density does not increase
monotonically with learning intensity. Moreover, the formal interaction comparison does not identify a
statistically significant learning intensity x inertia effect under the tested configurations (p = 0.1165).
Therefore, the findings do not establish universally optimal learning intensity or inertia levels.

Fourth, the influence of network connectivity depends partly on payoff evaluation and behavioral
mechanisms. Increasing the BA attachment parameter is associated with higher terminal greenwashing
density under accumulated payoffs, whereas degree-normalized payoff comparisons substantially
attenuate differences across network configurations. Additional robustness tests indicate that finite-
horizon terminal outcomes are sensitive to the network size, although lower absorption rates in larger
networks limit conclusions about their long-run behavior. Hub count and alternative inertia
specifications do not produce statistically detectable overall differences within the tested designs.
Furthermore, mechanism ablation experiments show that the magnitude of the initial placement effect
varies with payoff normalization and inertia assumptions. These findings suggest that the observed
influence of network position cannot be attributed exclusively to connectivity or a universally
independent hub anchoring mechanism.

Finally, homogeneous analytical equilibria and finite-network stochastic outcomes must be
distinguished. Under the baseline weighted-defuzzified payoffs, the homogeneous replicator model
has an attracting interior equilibrium at a greenwashing density of f* = 0.8889. However, finite BA
network simulations may reach all-green or all-greenwashing absorbing states or remain nonabsorbed
within the observation horizon. The analytical equilibrium therefore serves as a benchmark for
understanding relative strategic incentives rather than an exact prediction of stochastic network
terminal states.

Overall, this study contributes to supply chain greenwashing research by examining the
conditional influence of the initial network position, distinguishing fuzzy payoff representations from
probabilistic payoff realizations, and identifying how payoff accumulation and behavioral assumptions
shape the relationship between network connectivity and greenwashing’s evolution. The resulting
framework provides a basis for analyzing heterogeneous strategic interactions and evaluating network-
sensitive governance approaches without assuming deterministic convergence or universally optimal
intervention strategies.

6.2. Managerial implications and policy recommendations

The findings offer several implications for supply chain managers and regulatory authorities
seeking to mitigate greenwashing.

First, prioritize the identification and monitoring of structurally influential enterprises without
relying exclusively on hub-based regulation. Enterprises occupying highly connected positions may
have greater opportunities to affect neighboring firms’ strategic behavior. Regulatory authorities may
therefore consider network connectivity and supply chain relationships as supplementary criteria when
allocating monitoring resources. However, the results also indicate that high connectivity alone does
not guarantee network-wide green adoption. Monitoring priorities should additionally consider actual
transaction relationships, observed environmental behavior, and the potential for misconduct to spread
through particular supply chain connections. For example, network centrality indicators could be
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combined with transaction volume and environmental disclosure history to inform risk-based
monitoring priorities.

Second, improve the relative economic incentives for genuine green practices while reducing
opportunities for speculative greenwashing. The payoff analysis suggests that limiting the potential
returns from misleading environmental claims and strengthening credible incentives for genuine green
production may shift relative strategic incentives toward more responsible behavior. Relevant
measures may include independent environmental verification, transparent green financing criteria,
consistent enforcement, and more predictable support for verified green investments. Nevertheless, the
effectiveness of these measures should be evaluated under different payoff and network conditions
rather than assumed to ensure universal green convergence.

Third, strengthen the credibility of environmental information transmitted through supply chain
relationships. The Fermi imitation mechanism indicates that enterprises may respond more strongly to
perceived payoff advantages when social learning intensity increases. Consequently, more intensive
information exchange does not necessarily promote genuine green practices if misleading
environmental claims remain credible or economically attractive. Supply chain managers and regulators
should therefore improve the reliability of environmental disclosures, develop traceable verification
procedures, and reduce the information asymmetry associated with unsubstantiated green claims.

Fourth, account for differences in enterprises’ strategic adjustment capacities. The baseline
degree-dependent inertia mechanism suggests that highly connected enterprises may exhibit greater
resistance to short-term changes in incentives under the assumptions of the model. However,
alternative inertia specifications do not establish that this degree-dependent relationship holds
universally. Governance strategies should therefore consider actual organizational adjustment costs,
strategic persistence, and firms’ capacity to respond to regulatory changes rather than infer inertia
exclusively from the network degree. Combining credible long-term incentives with consistent
monitoring may be more appropriate than relying solely on short-term interventions.

Taken together, these recommendations support a differentiated approach to greenwashing
governance that considers network position, payoff incentives, information credibility, and behavioral
heterogeneity. They should be interpreted as policy implications derived from a stylized evolutionary
model rather than empirically established optimal regulatory interventions.

6.3. Research limitations and future outlook

Although the proposed framework provides insights into greenwashing’s evolution under network
heterogeneity and payoff uncertainty, several limitations should be acknowledged.

First, the network structure is stylized and static. The study uses BA networks to represent
heterogeneous enterprise connectivity rather than reconstructing observed transaction relationships
among power battery supply chain firms. Real-world supply chains may exhibit changing partnerships,
contractual asymmetry, and directed or weighted transactions that are not explicitly represented in the
current model. Future research could use empirical supply chain networks and adaptive network
models to examine the co-evolution of enterprise strategies and business relationships.

Second, the payoff parameters and behavioral assumptions are illustrative. The triangular fuzzy
payoff specifications and degree-dependent strategic inertia are designed to investigate theoretical
mechanisms rather than being directly calibrated from firm-level financial or behavioral data. In
particular, the assumed positive relationship between network connectivity and strategic inertia
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requires empirical validation. In addition, the triangular probability distributions used for stochastic
payoff sampling constitute separate modeling assumptions rather than distributions derived from fuzzy
membership functions or observed payoff data. Future studies could combine environmental disclosure
records, supply chains’ transaction data, and firm-level evidence on strategic adjustments to calibrate
payoff distributions and behavioral parameters more precisely.

Third, the numerical findings are conditional on the tested network configurations, parameter
ranges, and simulation horizons. Although the sensitivity experiments investigate different BA
attachment parameters, network sizes, initial strategy placements, payoff evaluation mechanisms, and
inertia specifications, the analysis remains based on finite networks and a limited range of alternative
models. In particular, simulations that have not reached homogeneous absorbing states within 1000
time steps cannot be interpreted as having converged to stable mixed equilibria. Differences in
absorption rates across network sizes also limit direct comparisons of long-run convergence. Future
research could examine longer observation horizons, larger networks, alternative topological structures,
and additional statistical comparisons.

Fourth, the framework does not explicitly model external governance actors or adaptive learning.
Regulatory pressure is represented indirectly through payoff specifications, while government
agencies, certification institutions, and consumers are not included as independent strategic agents.
Moreover, the model uses local Fermi imitation rather than reinforcement learning or experience-
weighted updating. This modeling choice reflects the assumption that enterprises adjust their strategies
through local payoff comparisons rather than learning directly from accumulated individual experience.
Future research could extend the framework to multilayer governance networks and compare social
imitation with experience-based or reinforcement learning mechanisms.

These extensions would help assess the empirical applicability and generalizability of the
framework while supporting more comprehensive evaluations of governance strategies for supply
chain greenwashing.

Data and code availability

The Python source code for the six numerical experiments is publicly available in the GitHub
repository: https://github.com/huxianrong001/Supply Chain Greenwashing Reproducibility. The
repository provides the simulation’s implementations for examining the initial placement of the
strategy, fuzzy payoff uncertainty, payoff boundary sensitivity, social learning intensity, network
heterogeneity, and initial greenwashing proportions.
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