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Abstract: Algorithmic collusion essentially constitutes a form of monopolistic agreement
that utilizes algorithms as tools for signaling collusion, making it particularly challenging
for both consumers and antitrust enforcement agencies to detect. Algorithmic collusion
can be primarily categorized into two distinct types: explicit collusion and tacit collusion.
This paper specifically investigates the phenomenon of platform-driven tacit algorithmic
collusion within the platform economy. Employing an evolutionary game theory approach,
we conduct a comprehensive simulation analysis of the economic system involving four
key stakeholders: government regulators, platform operators, in-platform merchants, and
consumers. This paper primarily investigates the conditions that may reduce the likelihood
of platforms engaging in algorithmic tacit collusion, examines how government incentive—
penalty mechanisms influence such collusive behaviors, and provides an in-depth analysis
of the critical roles played by both in-platform merchants and consumers in detecting and
exposing these practices.

Keywords: algorithmic tacit collusion; incentive—penalty mechanisms; evolutionary game;
simulation analysis

1. Introduction

In the era of artificial intelligence, algorithms have become extensively integrated
into the business operations of the platform economy, demonstrating a dual nature that
simultaneously fosters and impedes market competition. Algorithms present a dual-edged
impact: they serve as powerful instruments for value extraction from big data, substantially
enhancing market information transparency and operational efficiency while effectively
augmenting consumer welfare. Conversely, they simultaneously introduce novel risks that
transcend traditional forms of collusion [1]. The use of digital technologies by platforms
may undermine algorithmic fairness, foster data monopolies, and reinforce technological
hegemony [2]. In recent years, algorithmic collusion has emerged as a critical antitrust
concern in the platform economy. In 2019, a Federal Trade Commission (FTC) investiga-
tion revealed that multiple third-party sellers on Amazon employed algorithmic pricing
tools to automatically match competitors” prices. Although no explicit agreement existed
among sellers, these algorithms facilitated a stable high-price equilibrium through real-
time monitoring and adjustments, enabling sellers to sustain competitiveness and extract
supercompetitive profits in a highly contested market. The implicated algorithm was ulti-
mately discontinued in 2019. While such tools are ostensibly designed to optimize pricing
strategies, their misuse, particularly when coupled with other anti-competitive practices,
can distort market outcomes, harm consumer welfare, and erode economic efficiency [3].
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Distinct from traditional collusion, algorithms possess not only the capacity to facilitate col-
lusive outcomes under human direction but also demonstrate the ability to autonomously
optimize and evolve through continuous trial-and-error processes and self-learning mecha-
nisms [4]. Algorithms demonstrate significantly superior efficiency in coordination and
collusion compared to human capabilities, thereby presenting unprecedented challenges to
contemporary antitrust legal frameworks [5]. Of particular concern is the deepening in-
volvement of algorithms in economic activities, which has led to a substantial escalation in
their potential to foster collusive practices among market participants, thereby significantly
intensifying uncertainties within the competitive market landscape [6].

Algorithmic collusion can be primarily categorized into two distinct types: explicit
collusion and tacit collusion. Explicit algorithmic collusion typically involves clear sub-
jective intent among colluding parties, where market participants establish monopolistic
agreements through explicit communication channels such as oral or written arrangements,
with algorithms serving primarily as implementation tools for executing these collusive
practices. Algorithmic tacit collusion primarily occurs in scenarios where market par-
ticipants maintain their competitive positions through algorithmic interactions without
explicit written or verbal agreements. Calvano [4] and Cont et al. [7] define algorithmic
tacit collusion as a phenomenon wherein pricing algorithms with learning capabilities,
when engaged in repeated market interactions, may converge on prices that deviate from
competitive benchmarks. Such collusion can emerge from the decentralized interactions
of autonomous algorithms that adapt to market data [8]. While tacit collusion may arise
from the synergistic behavior of self-learning algorithmes, it also encompasses the platform-
driven dimension: algorithms are not merely static, embedded technical artifacts but are
enmeshed in socio-technical systems, shaped by platform governance. Far from being
neutral tools for users and workers, these algorithms actively reconfigure competitive dy-
namics in society [9]. Sanchez and Katsamakas [10] further analyze managerial perspectives
on algorithmic pricing in platform strategy, framing algorithm adoption as an endogenous
strategic choice. Their work highlights how platforms balance multiple algorithms and
how profits hinge on algorithmic design [11]. This paper thus examines how platforms’
algorithmic design or selection—even absent explicit coordination—can facilitate tacit
collusion, with implications for market competition. Given platforms’ capacity to design
operational rules, they can not only enhance their profitability and appropriate consumer
surplus but can also develop and implement sophisticated monitoring mechanisms with
minimal cost implications [12]. This advantage becomes particularly pronounced when
platforms proactively collaborate with government regulators in formulating and execut-
ing comprehensive oversight mechanisms, thereby effectively mitigating the incidence
of explicit algorithmic collusion among in-platform merchants [13]. Nevertheless, the
inherent complexity and opacity of platform algorithms often hinder effective governmen-
tal oversight and intervention, potentially enabling platforms to exploit this regulatory
gray zone for substantial market premium extraction [14]. In the absence of external
regulatory intervention, in-platform merchants frequently demonstrate a propensity to
acquiesce to algorithm-driven market dominance [15]. Consequently, the highly covert
nature of platform-driven algorithmic tacit collusion makes it particularly challenging for
consumers to discern the underlying manipulation mechanisms, thereby hindering the
development of widespread social awareness and consumer vigilance regarding this issue.
The government regulation of algorithmic tacit collusion in digital platforms (Figure 1)
faces substantial challenges.
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Figure 1. Graphical summary.

Both explicit and tacit algorithmic collusion in platform operations fall within the
purview of traditional antitrust interventions; however, judicial outcomes have demon-
strated significant divergence in these two distinct cases. The landmark case involving
David Topkins’ utilization of algorithms to fix product prices serves as a paradigmatic
example of explicit algorithmic collusion within platform ecosystems. The U.S. Department
of Justice ruled that this practice constituted a violation of federal antitrust legislation,
thereby establishing its applicability within the framework of traditional antitrust inter-
vention against collusive practices. Algorithmic tacit collusion in platform operations
is characterized by its operational feasibility and exceptional concealment, rendering it
particularly challenging for detection in practical scenarios. Landmark cases involving
platform-initiated algorithmic tacit collusion, including the Apple E-Books case, Meyer
v. Kalanick, and Meyer v. Uber, have yielded contentious judicial outcomes. This contro-
versy stems from the sophisticated ability of algorithmic tacit collusion to masquerade as
legitimate competitive practices, thereby presenting substantial challenges for antitrust
enforcement agencies and creating significant practical difficulties in regulatory implemen-
tation. Such algorithmic competition under the guise of normal market behavior not only
obscures the boundary between healthy competition and monopolistic practices but also
accelerates the homogenization of algorithmic technologies. This phenomenon has effec-
tively transformed platforms into covert hub-and-spoke cartels [16], thereby intensifying
market distortions and perpetuating unfair competitive practices. The existing antitrust
legal framework demonstrates significant limitations in both institutional mechanisms
and technical capabilities when addressing antitrust interventions against algorithmic tacit
collusion. In 2022, China’s newly amended Anti-Monopoly Law of the People’s Republic
of China added a new provision that states the following: “Operators shall not organize
other operators to enter into monopoly agreements or provide substantial assistance to
other operators to enter into monopoly agreements”. In this context, it is imperative to
conduct comprehensive research on how governmental incentive-penalty mechanisms can
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effectively shape the behavioral patterns of platform-related entities, thereby mitigating
algorithmic tacit collusion in platform operations. Such research holds significant potential
for enhancing market competition fairness, protecting consumer welfare, and fostering
sustainable development within the platform economy.

Consequently, investigating the formation mechanisms and restraining factors of algo-
rithmic tacit collusion in platform ecosystems holds substantial practical significance for
maintaining healthy competitive environments. Given that platform-driven algorithmic
tacit collusion involves multiple stakeholders, diverse strategic interactions, and complex
information exchanges, the multi-agent evolutionary game model proves particularly valu-
able. This approach effectively captures the inherent complexity, simulates algorithmic
learning and adaptation processes across various environments, and elucidates the emer-
gence conditions of tacit collusion. Furthermore, it reveals the intricate interplay between
individual behavioral patterns and collective dynamics, thereby providing a more realistic
representation of real-world evolutionary processes. Accordingly, this study develops a
multi-agent evolutionary game model tailored for environments characterized by incom-
plete information and dynamic interactions, aiming to identify the conditions conducive
to platform-driven algorithmic tacit collusion. Through the design of an optimized gov-
ernment incentive—penalty mechanism, we systematically explore effective intervention
strategies by examining governmental regulatory approaches and the behavioral dynamics
of relevant stakeholders. This research provides substantial decision-making support for
antitrust policymakers and market regulatory authorities, contributing significantly to the
development of more effective regulatory frameworks.

2. Literature Review

This study synthesizes the extant literature on algorithmic collusion, with particular
emphasis on three critical dimensions: the formation mechanisms of collusive behaviors,
governance strategies for algorithmic collusion, and antitrust regulatory frameworks.

2.1. Algorithmic Collusive Behavior

The study of collusion originated in the context of oligopolistic markets, where key
facilitating factors include high market concentration, cost homogeneity, and restricted
opportunities for covert price reductions, all of which significantly contribute to the emer-
gence of collusive practices [17]. Recent scholarly investigations have demonstrated the
feasibility of detecting collusive practices through the analysis of dynamic market indi-
cators [18]. Firms’ collusive behavior facilitated the formation of stronger market power,
which ultimately leads to market distortions [19,20], and early antitrust laws explicitly
prohibited firms’” explicit collusion regarding prices and distribution areas. To dispel an-
titrust suspicions, collusive practices have progressively transitioned towards tacit forms,
with contemporary research focusing on mechanisms such as price leadership [21] and
common ownership structures [22]. Fines have emerged as the predominant intervention
mechanism in antitrust legislation across jurisdictions, serving dual purposes of deterring
anti-competitive practices and compensating affected parties. Current scholarly discourse
has predominantly centered on identifying optimal fine levels that effectively deter vio-
lations while maintaining proportionality [23]. In traditional markets, both explicit and
tacit collusion demonstrate limited long-term sustainability. Particularly, tacit collusion
necessitates a greater degree of implicit coordination, presents higher implementation
challenges, and incurs substantially greater stabilization costs.

While traditional collusion tends to be unstable due to high costs associated with agree-
ment formation, coordination, and maintenance, the deployment of pricing algorithms
significantly elevates collusion risks by enhancing market transparency and facilitating
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rapid information exchange [24]. Algorithm-driven collusion demonstrates technical ef-
ficiency and enhanced sustainability through automated processes. Within algorithmic
collusion frameworks, data sharing emerges as a potent facilitator of collusive practices
across various scenarios, typically requiring minimal to no human intervention [25]. Recent
scholarly investigations have explored the potential for algorithmic collusion in digital
marketplaces [26]. The OECD Competition Committee (2017) (OECD (2017). Big Data Bring
Competition Policy to the Digital Era, (http://www.oecd.org/daf/competition/big-data-
bringing-competition-policy-to-the-digital-era.html (accessed on 16 April 2024)) conducted
a comprehensive analysis of algorithmic interactions, proposing a fourfold classification
of algorithmic collusion: messenger-based collusion, hub-and-spoke collusion, predictive
agent collusion, and autonomous learning collusion. Among the most critical legal chal-
lenges concerning algorithmic applications is the insufficiency of high price observations
within platforms as conclusive evidence for establishing collusive practices [27]. The inher-
ent opacity of in-platform algorithmic decision-making processes, often characterized as
a “black box” phenomenon, renders the verification of platforms” exclusionary or restric-
tive competitive intentions particularly challenging, thereby facilitating more concealed
collusive practices. In-platform algorithmic tacit collusion is easier to implement [28], and
algorithms are increasingly blurring the line between tacit and explicit collusion [29]. More-
over, algorithmic tacit collusion often uses uncomplicated algorithmic choices to increase
joint profits beyond competitive levels [30]. Within the platform economy, hub-and-spoke
algorithmic tacit collusion demonstrates greater feasibility, primarily due to the platforms’
inherent bilateral market characteristics that foster mutual interdependence among users
who exchange value and generate reciprocal revenue streams [31].

2.2. Governance of Algorithm Collusion and Antitrust Regulation

Regarding the collaborative governance between government and platform enter-
prises, prominent Western scholars have articulated distinct perspectives. Farrell and
Katz [32] emphasize platform enterprises’ fundamental responsibility in safeguarding
public interests. Within algorithmic governance frameworks, ensuring algorithmic ac-
countability constitutes an essential component that must complement efforts to enhance
interpretability and optimize design parameters [33]. Spulber [34] and colleagues highlight
platforms’ supervisory obligations. However, it is crucial to recognize that governmen-
tal oversight remains indispensable in this collaborative governance framework, as the
complete delegation of regulatory authority to platforms would be imprudent. This vul-
nerability stems from the potential for platforms’ engagement in algorithmic collusion,
which, in the absence of governmental antitrust interventions, significantly jeopardizes
consumer welfare and economic surplus [35]. Liu et al. [36] conducted an in-depth investi-
gation into responsible innovation within China’s bike-sharing sector, introducing a novel
governmental dual-role framework as both an alliance facilitator and platform coordinator.
Complementing this perspective, Wachhaus [37] emphasized a multi-stakeholder gover-
nance model. The rapid development of the contemporary platform economy remains
fundamentally dependent on governmental guidance. Even in scenarios where platforms
actively collaborate with governmental regulatory efforts, complete governmental disen-
gagement from platform oversight is inadvisable. This necessity stems from the inherent
risks associated with platforms” data resource exploitation and utilization, which cannot be
automatically mitigated without appropriate regulatory intervention.

The contemporary governance of algorithmic collusion confronts dilemmas across
multiple dimensions, including value objective determination, identification of algorithm-
facilitated monopolistic agreements, appropriate application of antitrust enforcement mech-
anisms, and accountability attribution of algorithmic tacit collusion. Algorithmic hub-and-
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spoke agreements, representing the most prevalent form of tacit collusion, remain subject to
significant legal controversy within antitrust jurisprudence. Particularly contentious is the
capacity of pricing algorithms to facilitate collusive practices, which substantially exceeds
the regulatory scope delineated by the Sherman Act [38]. U.S. law regulates hub-and-spoke
agreements as a separate type of monopoly agreement, but the method of identification
applies by analogy to the relevant provisions of horizontal agreements. Meanwhile, the
European Union has been progressively establishing essential criteria for recognizing hub-
and-spoke agreements, although it has not yet produced any landmark judicial rulings or
regulatory determinations in this domain [39]. Under China’s current legal framework,
algorithmic signaling mechanisms and dynamic pricing adjustments present significant
challenges in being classified as collusive practices under the Anti-Monopoly Law. While
the legislation defines monopolistic agreements as “agreements, decisions, or other con-
certed practices that restrict competition”, it fails to establish specific methodologies or
criteria for identifying such concerted behaviors. This legislative ambiguity creates sub-
stantial interpretive challenges, particularly in characterizing hub-and-spoke arrangements
as a predominant form of tacit collusion.

Existing research indicates that algorithms provide favorable tools for the sustain-
ability and feasibility of tacit collusion. Studies also highlight that while platforms bear
responsibility for participating in government—enterprise collaborative governance, such
collaborative behaviors exhibit inherent instability, and antitrust laws lack clear and effec-
tive intervention tools to address algorithmic tacit collusion. Against this backdrop, this
paper conducts an in-depth analysis of how the government can influence and guide plat-
form algorithmic tacit collusion by constructing direct and indirect penalty and incentive
mechanisms, with the aim of reducing the occurrence of tacit collusion.

3. Game Modeling
3.1. Scenario Construction and Research Logic

Within the game-theoretic framework, platforms face a binary strategic choice be-
tween “collusion” and “non-collusion” strategies. The collusion strategy entails platforms
leveraging algorithmic capabilities to engage in covert tacit collusion through mechanisms
such as coordinated pricing, thereby pursuing additional economic gains. Conversely, the
non-collusion strategy reflects platforms’ commitment to regulatory compliance, abstaining
from any algorithmic facilitation of anti-competitive practices. In-platform merchants
face two strategic behavioral choices: “acquiescence” and “reporting”. The acquiescence
strategy reflects merchants” non-opposition or unawareness of potential algorithmic col-
lusion practices, potentially even participating in such activities, thereby enhancing the
covert nature of platform-driven algorithmic collusion. In contrast, the reporting strategy
demonstrates merchants’ proactive stance in collaborating with regulatory authorities to
expose algorithmic collusion, aiming to protect their legitimate interests and maintain
market integrity. As crucial market participants, consumers face a strategic choice between
“complaints” and “non-complaint”. The complaint strategy reflects consumers’ proac-
tive approach to addressing grievances or perceived rights infringements by reporting
issues to relevant authorities and seeking resolution and compensation. Conversely, the
non-complaint strategy indicates consumers’ decision to either remain passive or bear
consequences independently, refraining from further protective actions. In platform gov-
ernance, the government adopts either a “strong intervention” or “weak intervention”
strategy. This strategic choice is informed by comprehensive assessments of in-platform
transaction patterns, the platform’s internal governance enhancements, and consumer
complaint trends.
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Ideally, platforms would not only refrain from all forms of algorithmic collusion but
also proactively collaborate with governmental authorities, thereby significantly alleviating
regulatory burdens and facilitating an efficient governance framework under minimal
governmental intervention. Under such conditions, in-platform merchants have no need to
file reports, and consumer complaints are substantially reduced, collectively contributing
to the stability of the platform economy. However, the reality often presents greater com-
plexity. Certain platforms may ostensibly demonstrate proactive collaborative governance
while simultaneously employing sophisticated algorithmic technologies to facilitate tacit
collusion. This covert behavior not only evades external detection but also, when coupled
with merchants’ tacit approval and the absence of consumer complaints, poses significant
challenges for governmental oversight and intervention. Given the above dilemma, this
paper conducts a comprehensive examination of strategic interactions among platforms and
relevant stakeholders, with particular emphasis on analyzing how governmental incentive—
penalty mechanisms influence algorithmic tacit collusion in platform ecosystems. Through
systematic investigation, the research aims to develop targeted policy recommendations
and strategic interventions.

3.2. Parameterization and Underlying Assumptions
3.2.1. Game Subjects and Their Behavioral Strategies

The game model constructed in this paper incorporates four key stakeholders: gov-
ernment regulators, platform operators, in-platform merchants, and consumers. Under
the assumption of limited rationality, the set of behavioral strategies of the government is
51 = {G; strong intervention, G, weak intervention}. Platform operators face the strategic
choice between Sy = {E; collusion, E; non-collusion}. The set of behavioral policies for
merchants selling products on the platform is S3 = {A; tacit acquiescence, A, reporting}.
The set of behavioral policies for consumers is S4 = {B; complain, B, do not complain}. This
study develops a four-stage sequential dynamic game model where all agents act according
to the principle of sequential rationality. The decision sequence follows a government—
platform—merchants—consumers cyclical pattern with the following stages:

(1) Government Intervention Stage: The regulator first determines intervention inten-
sity (strong vs. weak) based on historical collusion data and market monitoring intelligence.
This initial move establishes market participants’ expectations about the regulatory en-
vironment. (2) Platform Strategy Stage: Upon observing regulatory signals, platform
firms (as followers) conduct cost-benefit analyses, weighing compliance expenditures
against potential collusion gains to decide whether to implement collusive algorithms.
(3) Merchant Response Stage: After detecting the platform’s strategy, merchants perform
their own cost—benefit calculations: either acquiesce to algorithmic collusion for supra-
competitive profits or report the misconduct for regulatory incentives. (4) Consumer
Reaction Stage: Consumers identify price anomalies through comparison tools or shopping
experiences, then decide whether to file complaints based on expected costs and benefits of
reporting. The model features a complete cyclical decision chain: government—platform—
merchants—consumers—-government, with each agent’s actions contingent on prior moves
in the sequence.

3.2.2. Probability of Behavioral Strategy Adoption

This study models four key economic agents: government, platform operators, in-
platform merchants, and consumers. Each agent probabilistically selects optimal strategies
during sequential decision-making to maximize its respective utility.

First, as regulators, government departments face a binary choice of intervention
strategies: implementing strong intervention with probability x or weak intervention with
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probability 1 — x. Strong intervention encompasses measures like strict regulatory en-
forcement and substantial financial penalties, while weak intervention may consist merely
of warnings, minimal fines, or regulatory lapses. Second, platforms as regulated enti-
ties similarly confront two strategic options: adopting algorithmic tacit collusion with
probability ¥ or maintaining non-collusion with probability 1 — y. Algorithmic tacit col-
lusion could manifest through price manipulation, data abuse, or other anti-competitive
practices, whereas non-collusion signifies adherence to fair competition principles. Third,
merchants selling products within the platform choose to acquiesce to the platform’s al-
gorithmic collusion with probability z and to report the platform’s algorithmic collusion
with probability 1 — z. Crucially, the model assumes that merchants necessarily participate
in collusion when platforms employ algorithmic tacit collusion. Finally, consumers as
end-users demonstrate behavioral responses: they may complain (with probability ) or
refrain from complaining (with probability 1 — m) about perceived algorithmic collusion.
All four agents—government, platforms, merchants, and consumers—are risk-neutral
actors seeking to maximize their respective benefits, with all probability parameters x, y, z,
and m € [0, 1].

3.2.3. Parameter Assumptions and Meanings in the Model

Assumption 1. The cost of strong government intervention is Cyy, and the cost of weak inter-
vention is Cyj (Cyy, > Cyp). Strong governmental intervention occurs exclusively when platforms
engage in algorithmic tacit collusion and in-platform merchants choose to acquiesce, coupled with
the receipt of consumer complaints. Given the inherent covertness of algorithmic tacit collusion,
such interventions necessitate additional scrutiny costs, denoted as Cyy, due to increased regula-
tory complexity. First, strong intervention exhibits inherent limitations. When the government
implements strong intervention, a critical scenario emerges: despite platforms engaging in tacit
collusion and in-platform merchants choosing acquiescence, the absence of consumer complaints
renders the algorithmic tacit collusion undetectable, thereby rendering the strong intervention
strategy ineffective. Secondly, weak intervention demonstrates distinct effectiveness through a
specific revelation mechanism: in-platform merchants’ reporting behavior, which operates when the
government implements weak intervention strategies. In this case, even if the government does
not adopt more stringent censorship measures, it can still discover the tacit collusion of algorithms
within the platform through the reports of operators, and it does not need to pay the additional
censorship cost of Cyy. This demonstrates that weak intervention strategies may prove more efficient
and cost-effective under specific conditions.

Assumption 2. Since the marginal cost difference between algorithmic tacit collusion and com-
petitive strategies is negligible (assumed to be zero) for platforms, this study primarily focuses
on analyzing the differential in total payoffs across strategy choices, while abstracting from inter-
strategy cost considerations. When platforms engage in algorithmic collusion, algorithmic tacit
collusion inevitably occurs regardless of in-platform merchants’ choices, resulting in higher total
benefits L1}, for both platforms and their operators. Conversely, when platforms refrain from collusion
and actively collaborate in governmental governance, algorithmic tacit collusion is absent, leading
to lower total benefits I1; (IT, > I1;) for all parties involved. Platform revenues primarily originate
from commissions and transaction management fees imposed on in-platform merchants, constituting
proportion a (0 < a < 1) of the platform’s total revenue.

Assumption 3. Consumers incur cost Cy, when filing complaints. If algorithmic tacit collusion
is substantiated within the platform, consumers receive compensation equivalent to d times the
platform’s revenue (d > 0); they are compensated with adll,. When platforms engage in algorithmic
tacit collusion and consumers choose to complain, both platforms and in-platform merchants
experience negative reputational effects, quantified as B, and B; (By > By), respectively.
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Assumption 4. The design of penalty and incentive mechanisms incorporates three key components.
First, the government implements a penalty mechanism for platforms, imposing fines equivalent
to b times the platform’s revenue (b > 0), and the penalty amount is ablly,. Second, an incentive
scheme is established for in-platform merchants, providing rewards S for proactive reporting of algo-
rithmic collusion, thereby facilitating governmental oversight. Third, the government streamlines
consumer complaint channels and reduces associated costs to enhance consumer participation in
regulatory processes.

Table Al in Appendix A shows the specific model parameters and their meanings.

In the game-theoretic analysis of platform algorithmic tacit collusion, the best response
of each player is defined as the strategy that maximizes its expected utility, given the
strategies adopted by other players in the game [40]. Table A2 in Appendix A shows the
payoff payment matrix for the four-way game. The game-theoretic framework depicting
strategic interactions among the four key actors is illustrated in Figure 2.
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Figure 2. Strategic interaction framework of the four agent sequential game model.

4. Model Analysis
4.1. Strategy Evolutionary Stabilization Strategy and Analysis

Within the game-theoretic framework of platform algorithmic tacit collusion, all par-
ticipants demonstrate bounded rationality. The expected payoffs for each game participant
can be derived through the replication of dynamic equations. Detailed formulations of the
four parties’ expected payoffs, corresponding replication dynamic equations, and proposi-
tion derivation processes are provided in Appendix B. The subsequent analysis focuses on
propositions derived from these dynamic equations.

Proposition Al indicates that when platforms exhibit a propensity toward algorithmic
tacit collusion, governmental authorities are inclined to implement strong intervention
strategies. Conversely, when platforms demonstrate proactive cooperation with regulatory
bodies and actively avoid algorithmic collusion practices, a weak intervention approach
becomes the preferred governmental strategy. Proposition Al further elucidates that
under specific conditions—characterized by low probabilities of in-platform merchant
reporting and consumer complaints, significant cost differentials between strong and
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weak governmental interventions, exorbitant scrutiny costs for tacit collusion, relatively
lenient penalties for platform collusion, yet substantial positive incentives for in-platform
merchants—weak governmental intervention emerges as an evolutionarily stable strategy.
Conversely, strong governmental intervention constitutes an evolutionarily stable strategy
under alternative conditions.

Proposition A2 demonstrates that strong governmental intervention incentivizes plat-
forms to eschew collusion and actively participate in collaborative market governance. Con-
versely, weak governmental intervention may encourage platforms to adopt algorithmic
tacit collusion strategies. Proposition A2 further elucidates the multiple drivers underlying
platforms’ tacit collusion behavior: low reporting rates among in-platform merchants,
minimal consumer complaint rates, substantial revenue gains from tacit collusion, and
relatively lenient governmental penalties and consumer compensation standards, coupled
with limited reputational damage. These factors collectively reinforce platforms’ propen-
sity for tacit collusion. Conversely, when these conditions are reversed, they incentivize
platforms to abandon collusive practices and actively participate in market governance and
order maintenance.

Proposition A3 demonstrates that in-platform merchants’ strategic decisions are
shaped by dual influences: platform strategies and governmental incentive policies. More
specifically, when merchants can accurately identify platform-driven tacit collusion and are
presented with sufficiently attractive governmental rewards or when consumer complaints
are present, they exhibit a propensity to adopt proactive measures by reporting algorithmic
collusion to regulatory authorities.

Proposition A4 indicates that the probability of consumer complaints exhibits a pos-
itive correlation with the increasing likelihood of platform algorithmic tacit collusion.
Moreover, when the probability of strong governmental intervention reaches a critical
threshold, in-platform operators significantly reduce their acquiescence to collusive prac-
tices, thereby substantially improving consumers’ compensation prospects. When compen-
sation amounts are sufficiently high and complaint costs remain low, consumer complaints
emerge as an evolutionarily stable strategy. Conversely, the absence of complaints becomes
the stable strategy under alternative conditions.

4.2. Stability Analysis of Equilibrium Points of a Four-Way Evolutionary Game System

Through F(x) = 0, F(y) = 0, F(z) = 0, and F(m) = 0, the stability of the strategy
combination system of the subject of the four-way game can be discriminated according
to Lyapunov’s first law. Initially, the Jacobian matrix J is constructed based on the four
replication dynamic differential equations.

oF(x)  oF(x) dF(x) JF(x)

0x ay 0z om
OF(y)  oFly) 9E(y)  9E(y)
] = 0x ay 0z om

JF(z) oF(z

dx d ) Jz om
oF (m) BF(Vm) oF(m)  oF(m)
dy

Referring to Table A3 in Appendix C, when all eigenvalues of the Jacobian matrix pos-
sess negative real parts, indicating an asymptotically stable equilibrium point, three pure-
strategy Nash equilibrium solutions emerge: E;(0,1,0,1), E»(1,1,0,0), and E3(1,1,0,1).

Corollary 1. When Cy, — adl T, < 0and a(IT; —I1;) +a(b+d)I1, + B, < 0,if Cyy —Cy, — S+
abll, < 0, there exists a stabilization point E1(0,1,0,1) of the replication dynamics system.



Systems 2025, 13, 293

11 of 25

Corollary 1 indicates that platforms exhibit a propensity for algorithmic collusion
when the resultant profits substantially exceed the potential costs, including regulatory
fines, consumer compensation, and reputational losses associated with such violations.
Furthermore, consumers demonstrate a higher propensity to file complaints as a protective
measure when the anticipated compensation from platforms significantly exceeds the asso-
ciated complaint costs. In-platform merchants exhibit an increased probability of adopting
whistleblowing strategies when confronted with potential platform-driven algorithmic
tacit collusion, coupled with the repercussions of consumer complaints and associated
reputational risks. The government’s strategic selection involves a cost-benefit calculus
between strong and weak intervention. When the total costs of strong intervention prove
prohibitively high relative to its opportunity benefits, the rationally optimizing government
will adopt the weak intervention strategy as the cost-minimizing equilibrium choice.

Corollary 2. When Cy, — adll, < 0and a(IT; —IT;) +a(b+d)I1, + B, <0, if Cyj, — Cyy —
ablly, 4+ S < O, there exists a stabilization point E3(1,1,0,1) of the replication dynamics system.

Corollary 2 indicates that the strategic choices of platforms, in-platform merchants, and
consumers remain consistent with the conclusions drawn in Corollary 1; the government’s
strategic selection follows a cost-benefit analysis framework, exhibiting a propensity to
adopt strong intervention strategies when comparative analysis reveals that the total cost
of strong intervention is low relative to the opportunity benefit.

Corollary 3. A stabilization point E»(1,1,0,0) exists for the replica dynamical system
when adll, — Cy < 0, a(IT; — I[1},) 4+ abIl, < 0, and Cy, — Cyy — abll, + S < 0.

Corollary 3 demonstrates that when consumer complaint costs substantially exceed
platform-provided compensation, consumers opt against filing complaints. Similarly,
when the revenue from platform-driven algorithmic tacit collusion significantly surpasses
governmental fines, platforms favor collusion strategies. Given that strong intervention
entails lower total costs than weak intervention, governmental authorities prefer the former
approach. Concurrently, government incentives motivate in-platform merchants to actively
collaborate in reporting platform violations.

5. Simulation Analysis
5.1. Validation of the Balanced Results

To better visualize the impact of critical factors on the evolutionary dynamics and
outcomes within the multi-agent game system, numerical simulations were conducted
using MATLAB R2023a. The simulation parameters were initialized with t = 0 as the
start time and t = 100 as the end time, while all four game participants’ initial strategy
probabilities were set at 0.5 (the uniform initialization of strategy probabilities at 0.5 for
all agents serves dual methodological purposes: First, this symmetric initialization elim-
inates prior strategy biases, ensuring all emergent outcomes are purely driven by the
payoff structure and game-theoretic dynamics. Second, while real-world agents may ex-
hibit asymmetric behavioral predispositions, the simulation framework (available upon
request) permits examination of alternative initial distributions. This modeling choice
strictly ensures observed results reflect the game’s inherent properties rather than initial-
ization artifacts.). Three distinct parameter sets were configured to satisfy the equilibrium
conditions outlined in the corollaries, thereby validating the equilibrium analysis. The first
parameter configuration, satisfying conditions C,, — adIl, < 0, Cy; — Cy;, — S+ abll, <0,
and a(IT; — IT,) 4 a(b + d)IT, + B, < 0, is as follows:
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Cun = 20, Cyy =5, Cyy = 10, 1T, = 200,I; =0, a =0, b =0.1,d = 0.1,B, =5,
B, =5, § =5, Cy = 1; this yielded the simulation results presented in Figure 3, demon-

strating convergence to equilibrium state E1(0,1,0,1).

E1l
T T T
1.0 K ——— Government(x)
! Platform(y)
Y Platform-based operator(z)
A Consumer(m)
0.8 |,
'
i
'
2065 ]
= i
'g A:
e A
(=) A
= 4
A~ 044 4
y
0.24 4

0.0F
0

20 40 60 80 100

Figure 3. ESS Equalization 1.

Following the same methodology, parameter values were assigned based on equilib-
rium conditions adll, — Cy, < 0, a(IT; — IT;) + abIl, < 0:

Cn =1, Cy =1, Cy =10, IT, = 200, IT; = 0, a = 0.1, b = 05, d = 05,
By =5 B, =5 S =5 Cyu = 1). The corresponding simulation results, pre-
sented in Figure 4, demonstrate convergence to equilibrium state E>(1,1,0,0). Subse-
quently, parameters were configured according to equilibrium conditions C;, — adll; < 0,
a(Hl — Hh) —+ Cl(b + d)l_[h + By < 0 and th — Cxl — ath +S < O0: (th = 2,
Cy =1, Cy = 10, I, = 200, I, = 0, a = 01, b = 01,d = 01, B, =5,
B, =5, 5 =0, Cy = 1), with the simulation outcomes illustrated in Figure 5 showing
convergence to equilibrium state E3(1,1,0,1). All three parameter configurations yielded
simulation results consistent with the theoretical analysis derived from the corollaries.

E2
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Platform(y)
E ---------- Platform-based operator(z)
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Figure 4. ESS Equalization 2.
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Figure 5. ESS Equalization 3.

5.2. Impact of Governmental Rewards and Incentives

To analyze the effectiveness of governmental incentive—penalty mechanisms in curbing
platform algorithmic tacit collusion, this study examines stability changes in local equi-
librium points through parameter variations: b(penalty multiplier for platform collusion
revenue), S (reward for successful merchant reporting), and C;, (consumer complaint cost
influenced by governmental facilitation of complaint channels). The analysis maintains
constant values for all other parameters, with initial strategy probabilities uniformly set at
0.5 across all game participants.

Firstly, in this paper, the impact of the governmental penalty multiplier on platform col-
lusion revenues, while keeping the other parameters constant at specified values, is as follows:
Cx = 20, C = 5, Cyy = 10, IT, = 100, I; = 50, a = 0.1, d = 0.1, B, = 5,
B, =5 S =0, C, = 5. Subsequently, we analyze four distinct penalty multiplier
scenarios: b = 0, b = 0.5, b = 1, b = 2. The penalty multiplier primarily influences
strategic decisions among governmental authorities, platforms, and in-platform merchants.
As illustrated in Figure 6’s simulation results, increased governmental penalties (b) for
algorithmic tacit collusion leads to the following: (1) heightened probability of strong
governmental intervention, (2) reduced platform propensity for algorithmic collusion, and
(3) decreased merchant reporting frequency due to perceived lower collusion risks. A
deeper analysis of parameter configurations reveals that when the governmental penalty
multiplier for platform revenue remains below 1, platforms may exhibit increased collusion
tendencies, driven by substantial collusion-derived profits despite potential penalties. This
scenario prompts in-platform merchants to enhance their reporting probabilities. However,
the combination of high implementation costs for strong intervention and limited fiscal
returns from collusion-related fines may incentivize governmental authorities to adopt
more lenient regulatory approaches. Conversely, when the governmental penalty multi-
plier reaches or exceeds 1, platforms demonstrate a substantial reduction in algorithmic
collusion. This reduction not only effectively mitigates unfair competitive practices but

also motivates governmental authorities to intensify strong intervention measures. Si-
multaneously, the significantly diminished risk of platform collusion leads in-platform
merchants to decrease their reporting activities. These findings clearly demonstrate that
stronger governmental penalties for collusive behavior more effectively deter platforms
from engaging in algorithmic tacit collusion. Notably, the government’s emphasis on strict
regulatory measures to safeguard consumer welfare and maintain competitive equity, while
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effectively enhancing consumer protections and mitigating systemic risks, may simulta-
neously impose substantial operational constraints on platform enterprises [2]. Crucially,
disproportionate penalty severity could potentially suppress platform innovation and
market development, necessitating the careful calibration of regulatory sanctions relative
to both consumer welfare considerations and broader market risk exposures.

+ =0
b=0.5
----- b=1
0.5 --O - b=2

0.45

0.4

0.6

Figure 6. Impact of b.

Secondly, this paper considers the influence of governmental rewards for the success-
ful reporting of platform algorithmic collusion by in-platform merchants, while keeping
other parameters constant at specified values: C,, = 20, C; = 5, Cyy = 10, IT;, = 100,
I, =50,a=01,b=1,d=1, By =5, B, =5, Cy = 1. Subsequently, we analyze four
distinct reward scenarios: S =0, S =20, S =40, S = 60.

The reward mechanism fundamentally influences strategic interactions among govern-
mental authorities, platforms, and in-platform merchants. As demonstrated in Figure 7’s
simulation results, increased governmental rewards for merchant reporting enhance their
cooperation in governance initiatives and the proactive disclosure of potential algorithmic
collusion, thereby accelerating risk mitigation. This positive development not only reduces
governmental intervention pressures but also fosters a harmonious governance frame-
work characterized by minimal intervention, high efficiency, and low collusion prevalence.
These findings clearly indicate that strengthening governmental incentives for in-platform
merchants serves as a crucial mechanism for promoting active collaboration, effectively
deterring algorithmic collusion, and optimizing overall governance efficacy.

Finally, this paper considers how governmental facilitation of consumer complaint
channels affects complaint costs, while keeping other parameters constant at specified
values:

Ca = 20, Cy =5, Cyy = 10, IT, = 100, IT; = 50, a = 01, b =1,d =1,
By =5, B, =5, S =0, Cyy = 0. Subsequently, we examine three distinct complaint
cost scenarios: C,, =0, C,, =5, C,, = 10, C,, = 20.

The cost of consumer complaints fundamentally influences strategic interactions
among governmental authorities, platforms, and consumers. As demonstrated in Figure 8’s
simulation results, reduced complaint costs significantly enhance consumer willingness to
file complaints, thereby accelerating the decline in platform algorithmic collusion proba-
bilities. This development subsequently encourages the governmental adoption of weak
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intervention strategies. The optimization and expansion of consumer complaint channels
not only increases complaint probabilities but also strengthens governmental monitoring
and response capabilities regarding algorithmic collusion, ultimately achieving the effective
deterrence of such practices.

Figure 7. Impact of S.
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Figure 8. Impact of Cy,.

5.3. A Practical Analysis of Regulatory Cases of Algorithmic Tacit Collusion

Building on empirical findings demonstrating that enhanced governmental incentive—-
penalty mechanisms and streamlined consumer complaint channels effectively deter algo-
rithmic collusion, this paper conducts a comparative case analysis of EU v. Meta and FTC
v. Amazon to elucidate how these regulatory and participatory measures suppress tacit
collusion in platform economies.

5.3.1. The Role of Algorithmic Transparency and Penalty Intensity

The EU’s penalty cases against Meta (2022-2024) provide crucial empirical evidence for
assessing the effectiveness of government fines in suppressing algorithmic tacit collusion
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and anti-competitive practices. These enforcement actions demonstrate that platform-
driven monopolistic behavior can be effectively restrained through progressively intensified
penalties. The EU’s sanctions against Meta stemmed from policy conflicts between U.S.
government intelligence collection practices and European fundamental requirements for
personal privacy protection and market competition fairness. The core violation involved
Meta’s advertising algorithms, which facilitated tacit collusion among advertisers through
data sharing and dynamic pricing strategies without adequate user disclosure, resulting in
persistent user data breaches and unfair market competition.

In 2022, the European Commission fined Meta EUR 265 million for GDPR violations
related to a data breach affecting over 500 million users, while mandating specific correc-
tive measures to ensure compliant data processing practices. Facing persistent regulatory
pressures on data protection, Meta has continually adapted its business model in response
to subsequent investigations and rulings. In 2023, authorities imposed a EUR 1.2 billion
administrative fine and suspended Meta’s cross-border data transfers due to the inadequate
protection of data subjects, prompting accelerated algorithmic compliance reforms. The
2024 EUR 798 million penalty addressed Meta’s anti-competitive integration of Facebook
Marketplace, where real-time ad bidding algorithm adjustments created unfair market
conditions for competitors. The EU’s Meta penalties exhibit three key characteristics: pro-
portionality between penalty severity and infringement gravity; the progressive escalation
of fine amounts; precise rectification requirements. These enforcement actions yield impor-
tant regulatory insights: fines should surpass anticipated monopoly gains; penalties must
incorporate ongoing algorithmic oversight; consistent multi-case enforcement generates
cumulative deterrence.

5.3.2. Synergistic Governance of Incentives and Complaint Channels

The Amazon case demonstrates that enhancing merchant incentives and streamlining
complaint mechanisms can effectively mitigate insufficient penalty severity while fostering
a more competitive market environment.

In 2023, the U.S. Federal Trade Commission (FTC) initiated an investigation into
Amazon’s algorithmic pricing practices, alleging the company leveraged its dominant
market position to impose unfair trading conditions on third-party sellers through its
pricing algorithms and “Buy Box” recommendation system, effectively encouraging price
parallelism. The FTC further charged Amazon with employing anti-discounting measures
that mandated that third-party sellers maintain prices on Amazon no higher than those on
competing platforms under the threat of penalties including reduced search visibility or the
loss of “Buy Box” eligibility. The FTC concluded that these practices restrained market com-
petition while harming both consumers and third-party sellers. Amazon contested these
allegations, maintaining its pricing strategies actually benefited consumers through compet-
itive discounting, and that the “Buy Box” algorithm served to identify the most favorable
consumer deals rather than artificially inflate prices. Rather than imposing monetary penal-
ties, the FTC mandated three corrective measures: revising seller incentives to decrease
emphasis on low-price rankings, creating an independent merchant complaint portal for
reporting algorithmic discrimination, and submitting periodic algorithmic compliance
reports to regulators.

Post-implementation, these interventions reduced the stability of Amazon’s algorith-
mic coordination while enhancing market competition fairness. This case illustrates how
enhanced platform governance mechanisms, particularly incentive restructuring and com-
plaint resolution systems, can effectively disrupt algorithmic collusion stability and improve
market competitiveness, even when regulatory penalties face political or legal constraints.
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6. Conclusions and Discussions
6.1. Main Conclusions

This study investigates the primary conditions underlying the stability of platforms’
algorithmic tacit collusion and evaluates how governmental measures including penalty
intensity for platforms, reporting incentives for in-platform merchants, and consumer com-
plaint mechanisms affect platforms’ collusion strategies. The key findings are as follows:

Platforms’ algorithmic tacit collusion demonstrates strategic stability when the derived
benefits substantially outweigh the associated costs and penalties. The highly covert nature
of such collusion makes detection challenging for governmental authorities, in-platform
merchants, and consumers, thereby increasing platforms’ opportunistic tendencies toward
collusion. The effective mitigation of algorithmic tacit collusion requires robust govern-
mental incentive—penalty mechanisms. First, direct governmental intervention through
substantial penalties significantly increases the potential costs of collusion, creating a strong
deterrent effect and reducing platforms’ collusion incentives. Second, the government can
indirectly enhance collusion transparency by influencing the strategic behaviors of two
key platform stakeholders: in-platform merchants and consumers. Specifically, increasing
rewards for merchant reporting and streamlining consumer complaint channels can im-
prove information flow within platforms, thereby enhancing collusion transparency and
reducing governmental intervention complexity. These measures enable a more timely and
accurate monitoring of platform behaviors, facilitating more effective detection and the
prevention of algorithmic tacit collusion.

6.2. Marginal Contributions

The extensive commercial application of algorithms has enhanced economic efficiency
while simultaneously reducing barriers to platform-driven algorithmic tacit collusion,
thereby increasing both the risk and probability of successful collusion. Unlike explicit col-
lusion mechanisms, such as monopoly agreements, which are constrained by oligopolistic
market structures, algorithmic tacit collusion presents significant challenges for antitrust
intervention and regulatory application.

This study makes three primary contributions to the existing literature. First, it
provides a comprehensive analysis of the conditions facilitating algorithmic tacit collusion,
its governance challenges, and potential regulatory solutions. While previous research
has primarily focused on how algorithms increase collusion risks [25], this investigation
extends the analysis by identifying specific conditions that influence platforms’ decisions
to engage in or refrain from algorithmic tacit collusion.

Second, the study investigates potential effective approaches for mitigating algorith-
mic tacit collusion through enhanced incentive—penalty mechanisms and multi-stakeholder
governance. Unlike previous studies that have primarily examined government-platform
collusion or government-enterprise collaborative governance [35,37], our approach ad-
dresses the complexity of platform-driven algorithmic tacit collusion, which involves
intricate interactions among multiple stakeholders. By developing an evolutionary game
model and conducting numerical simulations, this study provides more robust insights
into how parameter variations influence both the nature of algorithmic tacit collusion and
participants’ strategic choices.

Finally, the study contributes to antitrust policy formulation and market regulation by
exploring effective intervention strategies from both governmental and multi-stakeholder
perspectives, thereby providing robust decision-making support for regulatory authorities.
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6.3. Practical Implications

This study offers valuable insights into addressing algorithmic tacit collusion in plat-
form governance. When strong governmental intervention, merchant reporting, and con-
sumer complaints prove insufficient to prevent platform-driven algorithmic tacit collusion,
enhanced regulatory measures become imperative. Governments should implement stricter
penalties, including substantial fines and license revocations for platforms engaging in tacit
collusion, thereby increasing violation costs and destabilizing collusive practices. Addition-
ally, establishing robust information-sharing mechanisms through whistleblower reward
systems and streamlined consumer complaint channels can improve transparency and
governance efficiency. Such measures facilitate information exchange among governmental
agencies, in-platform merchants, and consumers, enhancing oversight capabilities. Conse-
quently, the effective detection and prevention of algorithmic tacit collusion necessitates
transitioning from government-centric governance to a collaborative multi-stakeholder ap-
proach, actively engaging merchants and consumers in supervisory roles while maintaining
strong governmental oversight.

Recommendation 1. The government should establish an intelligent requlatory framework
combining dynamic compliance audits, real time algorithmic monitoring of price synchronization
(e.g., dynamic time warping analysis), and tiered warning systems. This system should incorporate
escalating penalties tied to violation frequency, including fines, algorithm suspension periods, and
executive bans. Additionally, implementing a tiered algorithm transparency system requiring
open source core pricing algorithms and white papers for medium-risk algorithms coupled with a
compliance credit scoring mechanism would create a closed-loop “monitoring-penalty-guidance”
governance structure.

Recommendation 2. A multi-stakeholder governance ecosystem should be developed, featuring
encrypted whistleblower channels with uncapped rewards for merchants and multiplied damages
plus fixed bonuses for consumers, all secured through blockchain technology. Concurrently, a
quadripartite Algorithm Governance Committee (government—platforms—merchants—consumers)
should oversee quarterly algorithm reviews and case adjudications while managing a shared data
platform integrating requlatory data, price benchmarks, and complaint analytics. Pilot implementa-
tions through regulatory sandboxes in free trade zones should balance innovation protection with
risk control.

6.4. Limitations and Future Research

(1) This study has several limitations that warrant future research attention. First, the
current analysis focuses exclusively on algorithmic tacit collusion within individual plat-
forms, neglecting inter-platform algorithmic collusion and competitive dynamics. Future
research should incorporate a more comprehensive examination of both intra-platform
and inter-platform collusion and competition to extend the current findings. (2) While the
study addresses platforms’ intentional tacit collusion, it does not account for algorithmic
learning behaviors that may lead to unintentional collusion. The legal implications of such
algorithmically induced tacit collusion present an important avenue for future investigation.
(3) While appropriately strengthened regulatory penalties can effectively curb algorithmic
tacit collusion on platforms, this study primarily examines their deterrent effects while
overlooking how excessive penalties may stifle platform innovation and sustainable de-
velopment. Future research should develop an automated “penalty-incentive” balancing
mechanism that dynamically adjusts penalty severity according to platforms” innovation
levels, with empirical work needed to identify the critical threshold where penalties become
counterproductive. (4) Our risk-neutral, profit-maximization framework represents an
idealized scenario that insufficiently incorporates welfare maximization considerations,
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behavioral economic factors like risk aversion and psychological costs [41], and prospect
theory applications. Subsequent studies could employ prospect theory to reformulate
utility functions by separating gain/loss domains and applying dynamic optimal control
methods [42] to model long-term strategic interactions. (5) The zero marginal cost difference
assumption between collusive and competitive algorithmic strategies, while justified by
current platform economics where price-monitoring functions typically repurpose existing
infrastructure, requires refinement. Future modeling should incorporate scenario-specific
algorithm modification costs and hidden expenses, developing dynamic cost functions that
distinguish fixed (framework development) from variable (data-sharing frequency) costs
to examine structural threshold effects.
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Appendix A

Table Al. Behavioral strategy combinations of game subjects and their payoff matrices.

Stra‘teg}.r Governmental Revenue Platform Revenue Revenue of In-Platform Consumer Surplus
Combination Merchants
(Gl,E1,A1,B1) Eleh —th ny a(l—b—d)Hh—By (1 —a)Hh —BZ (ad—l)Hh —Cm
(G1,E1, A1, By) —Cun ally (1—a)ll, —IT
(Gl,El,Az,Bl) abll, —Cy — S a(l—b—d)Hh—By (1—61)Hh+5 (ad—l)Hh—Cm
(Glr El,Az, 2) abl‘[h — th -S a(l — b)Hh (1 — H)Hh +S _Hh
(Gll Ep, Alr Bl) _th aHl (1 - u)Hl _Hl —Cm
(G1,Ez, Ay, By) —Cn all) (1—a)I] —1IT;
(G1,E2, Az, By) —Cun ally (1—a)Iy —II; — Cn
(G1,E2, Az, By) —Cun all; (1—a)ly —1T;
(Gz, Eererl) _CxL Hh - By (1 — ﬂ)Hh — BZ _Hh — Cm
(Ga, E1, A1, By) —CuL ally, (1—a)ll, —IT,
(Ga, E1, Az, By) abll, —C, —S a(l—b—d)Hh—By (1—a)Il, +S (ad — DI, — Cy,
(Ga, Eq, Az, By) abIl, — Cy =S a(1—Db)II, (1—a)Il, +5 ~IT,
(Ga, Ep, A1, By) —CxL all; (1—a)ll —II; — Cn
(Ga, B, A1, By) —Cur ally (1—a)Il -1
(G2, E2, Az, By) —CxL ally (1—a)Il —II; — Cp,
(G2, E2, Az, By) —CxL all; (1—a)Il -1
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Table A2. Model parameters and meanings.

Model Parameter

Meaning
The probability of strong governmental intervention. 0 < x <1
The probability of platform algorithmic tacit collusion. 0 <y <1

Probability of in — platform merchant acquiescence. 0 <z <1
The probability of consumer complaint filing. 0 < m <1

The costs of strong governmental intervention.
The costs of weak governmental intervention.

The covert nature of platform algorithmic collusion increases governmental intervention

complexity, necessitating additional scrutiny costs.
The presence of algorithmic collusion within the platform generates total revenue for both
the platform and its operators.
Total revenue for platforms and operators in the absence of algorithmic collusion.
Platform commission rate.

Governmental penalty multiplier for platform collusion revenue.
Multiplicative compensation provided by platforms to consumers derived from
collusive advantages.

Negative reputational effects of consumer complaints on platforms.

Negative reputational effects of consumer complaints on in-platform merchants.
Cost of consumer complaints.

Governmental rewards for in-platform merchant reporting of algorithmic collusion.

Appendix B
Appendix B.1. Analysis of the Stability of the Government’s Strategy

V11 and Vi, denote the expected returns for strong governmental and weak interven-
tion strategies, respectively, with V; representing the average expected return. These are
defined as follows:

Vi1 = y(1 — z — zm)abIly — Cyy — yzmCuy — Cyy,
Vio = (1—y)(1 —z)abll, — Cy
Vi=xVi1+ (1 — x)VlZ

The replication dynamic equation for governmental strategy evolution is formulated
as follows:

F(x) = % = x(Vis = V1) = x(1 = x)(Vi1 — Vi)
= x(1—x)[(2y +z + yzm — 2yz — 1)abIly — (Cyy — Cy;) — yzmCyy — y(1 —2)S]

According to the stability theorem of differential equations, governmental strategy

selection reaches a stable state when the following conditions are satisfied: F(x) = % =0
and dl;(xx) < 0. Proposition A1 portrays this.

Proposition Al. When y = yo, F(x) = ‘;—f = 0, any x represents an evolutionarily stable state.

When y >y, the government evolutionary stable strategy is x = 1, and the government
chooses strong intervention. (3) When y < yo, the government evolutionary stabilization strategy
is x = 0, and the government chooses weak intervention.

. 1—2)abl 1+ (Cyy,—C,
Included among these is yo = 5 +272_2Z))ubnhh _(ng’cxy_‘é)l_z) 5

Proof of Proposition A1l. The first derivative of the governmental strategy replication
dynamic equation is as follows:
F'(x) = (1 —2x)[(2y + z + yzm — 2yz — 1)abIl; — (Cy, — Cyy) — yzmCyyy — y(1 — 2)S]
The following is knowable:
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When (2y + z + yzm — 2yz — 1)abl 1, — (Cy, — Cyy) — yzmCyy — y(1 —z)S = 0, solve

_ 1—2)abIT,+(Cy, —Cy _ _dx _
foryp = (2+Z§172z)abn’;7(Zm’(:xré)172)s. When y = yo, F(x) = % = 01is constant, and any

government strategy is an evolutionary stabilization strategy. When y > yy, dl;gcx) o < 0,

dl;(xx) > 0, so x = 11is the equilibrium point, and the government department choosing

strong intervention is an evolutionary stabilization strategy. When y < vy, dl;(xx) — >0,

dl;(xx) 0 < 0,50 x = 0 is the equilibrium point, and the government choosing the weak
xX=

intervention strategy is the ESS. [

Appendix B.2. Strategic Stability Analysis of the Platform

Vo1 and Vo, denote the expected returns for platform algorithmic tacit collusion and
non-collusion with active governmental collaboration, respectively, with V, representing
the average return. These are defined as follows:

Vo1 = ally, — (14 xzm — z)abIl, — (m + xzm — zm)adIl, — mB,
V22 = 611_[1
Va=yVar+(1-y)V2

The replication dynamic equation for constructing the platform behavioral strategy is
as follows:

F(y) = 4 = y(Ver = Va) = y(1—y)[Vor — Vo
=y(1 —y)[a(Il, —I1;) — (14 xzm — z)abll, — (m + xzm — zm)adll, — mB,]

According to the stability theorem of the differential equation, the platform strategy
selection that is in a stable state must satisfy F(y) = % =0and % < 0. Proposition A2

portrays this.

Proposition A2. When x = xq, any y is in an evolutionary stable state.
When x > xq is in place, the platform’s stable strategy is to refrain from collusion and engage
in active and collaborative government governance.
When x < xo, the platform’s stabilization strategy is to choose the algorithm to tacitly collude,
1—(1—z)(b+md) allj+mBy

which is xg = zm(b+d)  zma(b+d)ll,"

Proof of Proposition A2. The first derivative of the platform strategy replication dynamic
equation is as follows: F'(y) = y(1 — 2y)[a(I1, — ;) — (1 + xzm — z)abIl, — (m + xzm —
zm)adll, — mBy].

When a(IT, — IT;) — (1 + xzm — z)abIl, — (m + xzm — zm)adll, — mB, = O,
_ 1-(1—2z)(b+md) allj+mBy, .

Yo = zm(b+d) o zmu(b-&-d)lylh Is constant.

When x = x, F(y) = % = 0; at this time, any strategy of the platform is an evolution-
ary stable strategy.

When x > x, dl;—;y) ’ >0, dl;i(yy) 0 < 0, and so y = 0 is the equilibrium point, and

y= =

the platform chooses not to collude; actively collaborating with government governance is
an evolutionarily stable strategy. When x < x, 4Fly) <0, W 07 0;s0,y=1is

dy |,— ’ody
y=1

the equilibrium point, and the platform choosing the algorithm to implicitly collude is an

evolutionarily stable strategy. []
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Appendix B.3. Analysis of the Strategic Stability of Merchants Selling Products on the Platform

V31 and Vs, denote the expected returns for in-platform merchants choosing either
acquiescence or reporting algorithmic collusion, respectively, with V3 representing the
average expected return. These are defined as follows:

Va1 =y(1 —a)Il, + (1 —y)(1 —a)Il; — ymB;
Vi =y(1—a)Il + (1 —y)(1 —a)IT; + xyS
V3 =2zV3 +(1-2)V3

The replication dynamic equation for in-platform merchant strategy evolution is
formulated as follows:

F(z) = % = z(Va1 — V3) = z(1 — 2) (V31 — Vap)
=z(1—z)(—ymB; — xyS)

According to the stability theorem of differential equations, the in-platform mer-
chant’s strategy selection reaches a stable state when the following conditions are satisfied:
F(z) = % = 0and dl;(zz) < 0. Proposition A3 portrays this.

Proposition A3. When y = 0or (m = 0and xS = 0), any z is in an evolutionary steady state.
When y > 0, the evolutionarily stable strategy for in-platform merchants is to report
platform collusion.

Proof of Proposition A3. The first derivative of the in-platform merchant strategy replica-
tion dynamic equation is as follows: F'(z) = (1 — 2z)(—ymB, — xyS).

When —ymB, — xyS = 0, solve for y = 0 or (m = 0 and xS = 0).

Wheny = 0 or (m = 0 and xS = 0), F(z) = % = 0 is constant, and all in-platform
merchant strategies represent evolutionarily stable strategies. When y > 0 and (m # 0 or
xS # 0), the solution is dl;(zz) o > 0, dl;(zz) 0 < 0, s0 z = 0 is the equilibrium point.

Reporting constitutes an evolutionarily stable strategy for in-platform merchants, thus

completing the proof. [

Appendix B.4. Analysis of the Strategic Stability of Consumers

Va1 and Vi, denote the expected returns for consumer complaint and non-complaint
strategies, respectively, with Vj representing the average expected return. These are defined
as follows:

Vi1 = (y — yz + xyz)adll, — yIT, — (1 — y)IT; — Cy,
V42 = —th — (1 — y)Hl
Vy=mVy + (1 — m)V2

The replication dynamic equation for consumer strategy evolution is formulated

as follows:
F(m) = 9 = m(Vyy — Vip) = m(1 —m) (Vg — Vip)
=m(1—m)[y(1l —z + xz)adll, — Cy]

According to the stability theorem of differential equations, the consumer complaint

strategy reaches a stable state when the following conditions are satisfied: F(m) = % = 0
and % < 0. Proposition A4 portrays this.

Proposition A4. When y = yo, any m is in an evolutionary steady state.
When y > yo, the consumer’s choice to lodge complaints constitutes an evolutionarily
stable strategy.
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When y < yo, the decision of consumers to refrain from lodging complaints represents an
evolutionarily stable strategy. Included among these is yg = A=z xe)abIT, "

Proof of Proposition A4. The first-order derivative of the equation for the replication
dynamics of consumer behavior strategies is F/(m) = (1 — 2m)[y(1 — z + xz)adIl, — Cp).

When y(1 — z + xz)adIl, — C,, = 0, the solution is yy = U*me' When y = yo,

F(m) = ’fi—’? = 0 is constant; then, any strategy of the consumer is an evolutionary stable
strategy. When y > yo, % - < 0, % ’m_o > 0, so m = 1 is the equilibrium
point, and the consumer choosing to complain is an evolutionarily stable strategy. When
y < Yo, % - >0, % o < 0,s0 m = 0 is an equilibrium point, and the consumer

choosing not to complain is an gvolutionarily stable strategy. [
Appendix C

Table A3. Asymptotic stability analysis of equilibrium points.

Jacobian Matrix Eigenvalues

Balance Point e Ag, As, A Real Symbol Stability Prerequisite
0,0,0,0) 0, ~Cm, Cat — cxha—bﬁz;nh, a(I1, —11;) — 0, X Ifs(i:ﬁtiﬁfy -
(0,1,0,0) O adlhy = Cmc'xi(l_] IS;I;[ZE W = 0% X, X I:silar‘;)tﬂ(;iy -
(0,0,1,0) 0, Cyi — Capy —Con, a(I, —IT) 0= =+ I:;;r;)tiloify -
(0,0,0,1) 0 Cms G ;(Cb"’jr;)ﬁ?h_' ;y(“h - 0+ — X Ifs(;:ﬁtﬂci)fy ”
0,1,1,0) 0, Cy = Cypy —Con, a(I1; — IT,) 0 = == I:silargﬂ(;iy -
S v ' O S At ©e®
0,0,1,1) 0, Cm, Cyt — Capyy a(TT, —IT;) — By 0+ =X Irll)s(;;rl;tﬂci)iy B
©,1,1,1) Br Cmo By = Zi?i;b?{z (GG XX Irlljs(zlarl;tﬂ(iiy -
(1,0,0,0) 0= Conr G = G ;ﬁiﬂh =) = 0, = +X Irll)s(’)c:ll)tﬂ?fy N
(1,1,0,0) adlly = Cm, _%;(—rlebﬁfi) Pt G = X, =, X, X ESS 0l6l6)
(1,0,1,0) 0, Con = Ca1, —Con, a(I1, —11;) 04 =+ I:szlarl;tﬂ(ify -
' 1 B TR S S
1,1,1,0) S, Can — Cyt, adlly — Cp, a(T1; —11) 4 X, — Ifs(;;r{)tﬂci)iy a
(1,1,0,1) P e A A X, — X, X ESS 000
(1,0,1,1) O Cnr Con = Sj‘ﬁ:(_ngyf th) —atb 0+ +,X IrI:sOt:lIJtil(i)fy -
CLLD i XXX bty -

“u_n

Note: “+” means that the eigenvalue is positive; means that the eigenvalue is negative; “X” means that the
eigenvalue is positive or negative depending on the specific parameter value; “--” means that no preconditions for
the equilibrium point. @O Cy, — adlly < 0; @ Cyj — Cy, — S + abll, < 0; @ a(Il; —I1j,) 4 a(b + d)IT1, + B, < 0;
@ adll, — Cy, < 0;® lZ(Hl — Hh) +abll, < 0; ® Cy, — Cyy —abll, +S < 0.
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