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Highlights

Please indicate how your work links to systems science via your contributions to systems
practice, theory, and/or methodology.

e A recursive simulation model formalizes feedback, governance delay, and trajectory-
level diagnostic risk in financial reporting oversight.

e Auditable state-update rules trace oversight signals across reporting, audit, board
oversight, regulation, and market feedback.

What are the main findings and/or the implications of the main findings?

e High-transparency coordination generally ranks highest, while weak governance re-
mains lowest across uncertainty analyses.

e  Within the model, audit improvement lowers audit risk; system-wide governance
improvement depends on connected oversight channels.

Abstract

Financial reporting oversight evolves through repeated feedback among managerial in-
centives, audit detection, board oversight, regulatory intervention, and market trust. I
develop a transparent recursive simulation model to examine whether specified mecha-
nism combinations can generate distinguishable governance trajectories within its rules.
Monte Carlo simulations compare institutional scenarios, supported by analyses of uncer-
tainty, alternative model designs, heterogeneous conditions, and a learning-agent extension.
Within the simulations, high-transparency coordination generally produces the strongest
governance outcomes, whereas weak governance remains consistently least favorable across
the uncertainty analyses. In the model, governance improvement depends on interactions
among disclosure, audit, regulation, and market feedback. In the learning-agent exten-
sion, learned policies yield less favorable governance and reporting outcomes than the
fixed-policy benchmark. Chinese A-share evidence is broadly consistent with the main
simulated patterns in direction, risk location, and broad ordering. These findings provide
mechanism-sufficiency evidence within the declared rule family and explain how oversight
signals become institutional outcomes and subsequent feedback.

Keywords: numerical simulation; systems modeling; corporate governance; financial
reporting oversight
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1. Introduction

Accounting and corporate governance research treats corporate disclosure and finan-
cial accounting information as central information mechanisms for reducing information
asymmetry, supporting oversight, and enabling contracting [1]. In listed companies’ fi-
nancial reporting system, periodic reports institutionalize the presentation of operating
results, accounting judgments, and external assurance to investors, auditors, boards, regu-
lators, and other outside parties. Financial reporting oversight therefore follows the process
through which reported numbers are produced. Managers make judgments about rev-
enue recognition, expense timing, and disclosure under performance pressure and capital
market evaluation. CFOs consider operating pressure, accounting standards, professional
responsibility, and audit communication when preparing financial reports. External audi-
tors then assess misstatement risk from procedures, evidence, and professional judgment.
Accountability from boards and audit committees, enforcement by regulators, and price
and reputation responses from capital markets change the pressure, information conditions,
and expected costs that firms face in the next reporting cycle.

For this reason, financial reporting oversight is difficult to explain with one governance
variable. Agency theory treats the firm as a nexus of contracts and explains how conflicts of
interest and information asymmetry among managers, shareholders, and other stakehold-
ers create agency costs [2,3]. Transaction cost economics further shows why governance
arrangements are needed to constrain opportunism in contractual relations [4]. In account-
ing, disclosure transmits information to the market. Under information asymmetry, it also
triggers repeated adjustments among managers, auditors, regulators, and investors [1,5].
Earnings management, disclosure quality, audit risk, and regulatory response are states
formed through reporting discretion, external detection, and subsequent feedback; their
changes reflect repeated interactions among multiple actors.

Existing corporate governance and financial reporting research has developed sys-
tematic evidence on several key questions. Empirical studies identify relations between
governance variables and corporate behavior; event studies examine regulatory shocks;
and dynamic panels, structural models, and textual-disclosure studies handle different
forms of data and identification. Building on these approaches, the present study focuses
on a question that is difficult to unfold in conventional empirical designs: when managerial
reporting, audit judgment, regulatory response, and market trust are mutually connected,
how do governance states develop across consecutive disclosure windows? If the analysis
remains at the level of average relations among observable variables, the transmission of
audit findings, the delay in regulatory response, and the feedback from market trust to
reporting behavior can be compressed into correlations among outcomes.

A recursive simulation model is useful for this complementary task. The effect of
higher audit quality on governance outcomes depends on whether audit findings reach the
board, trigger regulatory attention, and affect market trust. Regulatory intensity works in a
similar way. Higher expected penalties change the cost of violation, but weak disclosure
or a long delay between risk recognition and enforcement can weaken this effect. In this
paper, the recursive model organizes mechanisms and generates paths: it places these
intertemporal relations in one transparent set of rules and tests whether a given mechanism
combination can produce theoretically interpretable path differences.

Research on complex systems and governance simulation provides a methodological
reference for this treatment. Wu et al. study financial fraud and audit supervision by
specifying listed companies, accounting firms, and audit regulators as three parties, setting
out actors, strategies, and parameters, and then conducting numerical simulation through
an evolutionary game model [6]. Studies on dynamic regulation and collaborative gover-
nance often follow a similar path: they define a governance problem, specify participants
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and parameters, construct a model, and use model analysis to discuss governance implica-
tions [7,8]. This paper follows the move from a governance problem to a computational
model. Its public recursive equations test whether disclosure quality, audit risk, regulatory
intervention, and market trust can move together in an interpretable way.

This paper asks how governance roles, institutional constraints, and information feed-
back can be translated into auditable recursive state-update rules. It then asks how those
rules can compare governance paths under different institutional combinations. The model
brings management pressure, CFO prudence, audit detection, board oversight, regulatory
intervention, and market feedback into one computational framework. It examines how
information observability, feedback speed, detection capacity, and market trust jointly enter
opportunistic reporting, risk recognition, and tail-risk exposure. Each output remains
traceable to prior states and institutional parameters. The design tests, within the specified
rule family, whether theoretical mechanisms can generate interpretable path differences
and tail-risk patterns.

I address two research questions:

RQ1: How can financial reporting oversight be formalized as a recursive state-update
model in which reporting states, regulatory feedback, market trust, and governance quality
can be traced in one framework?

RQ2: Under different institutional combinations, how do audit quality, regulatory
intensity, information transparency, governance delay, and market feedback change gover-
nance paths, outcome-only governance indices, and tail-risk patterns?

To assess the design dependence of the model findings, I examine simultaneous pa-
rameter uncertainty, structural variants covering update schedules, nonlinear response, and
boundary treatment, a heterogeneity stress test across firm, audit, and regulatory conditions,
and the learning-agent extension. I then use independent Chinese A-share evidence for an
external pattern-consistency assessment of the principal directions and broad orderings.

I contribute to systems modeling research on financial reporting oversight. I develop
an integrated framework that connects reporting discretion, internal monitoring, audit
detection, regulatory response, market trust, and governance delay in a recursive oversight
chain. The framework brings mechanisms operating at different analytical levels into a
common intertemporal structure, traces related state changes across reporting windows,
and compares how institutional combinations alter governance paths, governance indices,
and tail risk.

The rest of this paper follows this logic. Section 2 reviews the literature, and Section 3
presents the model. Sections 4 and 5 describe the simulation experiment design and
primary results, respectively. Section 6 reports the robustness analysis and external pattern-
consistency assessment. Section 7 discusses the findings, and Section 8 concludes.

2. Literature Review

Financial reporting oversight develops through agency conflict, disclosure, audit judg-
ment, regulatory feedback, and market trust. This section first reviews governance and ac-
counting research on information asymmetry, managerial discretion, and external feedback.
It then reviews computational and system-dynamics research on multi-actor interaction,
delay, nonlinear paths, and transparent reporting.

2.1. Agency Conflict, Reporting Oversight, and Feedback Mechanisms

Agency theory provides a core foundation for corporate governance research. It argues
that when principals and agents have divergent objectives and agent behavior is not fully
observable, monitoring costs, bonding costs, and residual loss jointly form agency costs [2].
Eisenhardt further emphasizes that goal conflict, outcome uncertainty, risk preference

https://doi.org/10.3390/systems14081022


https://doi.org/10.3390/systems14081022

Systems 2026, 14, 1022

4 of 40

differences, and information system quality affect whether organizations choose behavior-
oriented or outcome-oriented control mechanisms [3]. From this perspective, corporate
governance involves multiple actors. Managers, shareholders, auditors, and regulators
differ in objectives, information, and monitoring costs. Managers may be more sensitive to
short-term performance, reputation, or compensation evaluation. Shareholders focus more
on firm value and investment returns. Auditors and regulators emphasize risk identification,
compliance boundaries, and public responsibility.

Corporate governance mechanisms turn the agency problem into concrete institutional
and organizational arrangements. Shleifer and Vishny define the governance problem as the
question of how investors can ensure that managers return the profits on their investment,
and they emphasize legal protection, ownership concentration, board monitoring, and
incentive contracts as mechanisms that restrict managerial discretion [9]. Williamson
explains from a transaction cost perspective that internal power allocation, asset control,
and contractual arrangements affect incentives and coordination among actors [4]. This line
of work identifies legal protection, board monitoring, contractual incentives, and internal
power allocation as connected oversight mechanisms. Together, they shape managerial
discretion, monitoring intensity, and coordination costs among governance actors.

Information asymmetry links corporate governance to financial reporting oversight.
Healy and Palepu show that corporate disclosure is shaped by capital market transactions,
control contests, stock-based incentives, litigation costs, managerial talent signaling, and
proprietary costs [1]. Armstrong et al. explain that different contracting parties have
systematically different information needs, and that financial reporting supports board
monitoring, shareholder evaluation, and debt contracting [5]. Disclosure is a published
output. It also serves as an information channel connecting managers, boards, shareholders,
creditors, auditors, and regulators. Disclosure quality changes what outside actors can
observe and affects later monitoring, pricing, and compliance pressure.

Earnings quality research connects reporting quality, audit risk, and regulatory atten-
tion. Dechow et al. argue that earnings quality is affected by fundamentals, managerial
incentives, accounting standards, internal control, and external monitoring, and that its con-
sequences appear in capital market pricing, audit judgment, and regulatory attention [10].
Earnings management, disclosure quality, audit risk, regulatory inquiries, and market re-
sponses belong to the same oversight chain. Managerial reporting incentives may affect
earnings quality, audit procedures and board oversight shape risk detection, and regulatory
intervention and market trust may influence later disclosure choices. The links among
disclosure, audit, regulation, and market response are intertemporal and operate through a
sequence of reporting outcomes and oversight steps.

2.2. Computational Simulation, Recursive Feedback, and Transparent Modeling

These intertemporal links place financial-reporting oversight in a dynamic system
setting. Static associations alone have difficulty capturing the relevant feedback and delay.
Computational simulation offers a methodological basis for studying multi-actor interaction
and feedback in complex organizations. Agent-based modeling represents a system as a set
of agents with heterogeneous attributes, local information, and autonomous decision rules,
and then observes system-level emergent outcomes through repeated interactions among
agents [11]. Simulation modeling in organization and management research emphasizes
that when a research object is composed of multiple interdependent processes with feedback,
nonlinearity, and relations that are difficult to solve analytically, computational simulation
can complement deductive modeling and empirical induction [12]. This literature places
organizational behavior within repeated interaction and rule-based generation, making it
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possible to analyze system-level outcomes when multiple actors, feedback, and nonlinearity
operate together.

Multi-agent organization design and institutional agency research further show that
roles, rules, and institutional effects can be formalized for analysis. Multi-agent organiza-
tion design research indicates that explicitly modeling organizational roles, capabilities,
goal decomposition, and social strategies helps capture runtime coordination while retain-
ing agent autonomy [13]. Institutional agency research also shows that the institutional
consequences of an action depend on how rules classify behavior as effective, compliant,
or noncompliant [14]. Role differentiation, rule constraints, and compliance judgments
therefore structure the modeled institutional environment.

Economic and financial ABM research also uses computational models for mechanism
generation and comparison of institutional scenarios. Axtell and Farmer summarize ap-
plications of ABM in markets, macroeconomics, finance, and policy design, emphasizing
the value of heterogeneous agents and bottom-up modeling for explaining complex sys-
tems [15]. Dawid and Neugart view ABM as a tool for economic policy design, arguing
that simulation models can compare short-term and long-term effects under alternative
institutional settings [16]. Such work provides methodological guidance for comparing insti-
tutional combinations, feedback mechanisms, and dynamic paths, while keeping simulation
results distinct from direct empirical causal estimates.

Recursive feedback and delay are closely related to the system dynamics tradition.
Sterman argues that many counterintuitive outcomes in complex systems come from feed-
back loops, delays, nonlinearities, and accumulation processes [17]. In financial reporting
oversight, earnings management, disclosure quality, audit risk, regulatory attention, and
market trust may also change through intertemporal feedback. Threshold models and social
dynamics models further show that individual-level behavior can generate system-level
diffusion, turning points, or lock-in under specific threshold conditions [18,19]. These
studies motivate trajectory analysis. In the present model, common-initial-state diagnostics
separate initialization effects from changes generated by recursive updating.

Computational models also require transparent reporting and reproducibility. The
ODD protocol stresses that agent-based models should state the model purpose, entities,
state variables, process overview, scheduling, initialization, input data, and submodels [20].
Railsback and Grimm also emphasize that simulation models should allow readers to
understand what the model does, why it is specified that way, and how it can be rerun [21].
Henderson et al. show in deep reinforcement learning experiments that random seeds,
environment implementations, hyperparameters, and reporting standards can materially
affect conclusions [22]. The credibility of computational evidence depends on model
assumptions and on whether the model purpose, state variables, scheduling, initialization,
randomness, implementation environment, and reporting standards are reviewable.

Algorithmic governance and generative-agent research extend the modeling fron-
tier while raising transparency and calibration concerns. Algorithmic control can embed
restriction, recommendation, recording, rating, replacement, and reward into organiza-
tional processes [23]. Machine-learning opacity may arise from organizational secrecy,
technical barriers to understanding, and high-dimensional optimization [24], while algo-
rithmic deployment can produce disparate impacts through data, proxies, and application
contexts [25]. LLM-enabled ABM and LLM-based multi-agent systems can expand the
representation of organizational interaction [26,27]. Surveys of autonomous agents and
generative-agent studies further show how language, memory, planning, and reflection
may enter simulation settings [28,29], but these richer representations still face role stability,
prompt dependence, drift across simulation rounds, and empirical calibration problems.
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Research on model credibility treats calibration, verification, validation, and uncer-
tainty analysis as related but distinct tasks [30-32]. Calibration uses observed data to
estimate or constrain model parameters; verification checks whether a model is imple-
mented as intended; validation evaluates its correspondence with a target system; and
uncertainty analysis examines how inputs and assumptions affect model outputs. Global
sensitivity analysis links output variation to declared inputs and assumptions [33]. Latin hy-
percube sampling (LHS) provides a multidimensional sampling design, while convergence
can be assessed across sample sizes [34]; the partial rank correlation coefficient (PRCC)
summarizes nonlinear but monotonic input-output relations [35]. Logistic response func-
tions provide smooth, monotonic transition mappings [36]. Taken together, this literature
indicates that credibility assessment should distinguish implementation accuracy, corre-
spondence with the target system, and design dependence; functional forms also require
explicit justification.

Taken together, financial reporting oversight includes reporting, audit, and account-
ability links in the accounting—governance chain, together with recursive feedback, delay,
and path-generation features. Research on financial accounting information and the re-
porting environment explains how reporting information mediates corporate governance
and capital-market feedback [37,38]. Studies of earnings management, audit committees,
and audit quality define the roles of opportunistic reporting, internal monitoring, and
external assurance [39-41], while reviews of audit quality and archival auditing evidence
clarify the evidentiary boundary of audit oversight [42,43]. Related systems and digital
research further extends this governance setting through information-systems quality, fi-
nancial reporting, artificial intelligence, digital transformation, audit pricing, dual agency
problems, and industry-specialist audits [44—46]. These studies place disclosure quality,
earnings management, audit quality, regulatory attention, and market response at distinct
analytical levels. The literature remains relatively limited in placing managerial reporting
incentives, audit detection, regulatory feedback, market trust, and feedback delay within a
single transparent, recursively updated rule set that traces how governance paths emerge
and how institutional combinations alter them. The framework developed here is therefore
an ABM-inspired recursive simulation model for organizing mechanism relations, gener-
ating interpretable paths, and comparing institutional combinations. It provides stylized
mechanism-sufficiency evidence within the specified rule set; empirical estimation of real
firms, audit opinions, and regulatory policy effects lies outside the present design.

3. Model and Methods: Recursive Simulation Model Specification

This section specifies the recursive simulation model and provides the modeling basis
for the institutional comparisons. Section 3.1 maps governance actors to model channels and
defines the model scope. Section 3.2 states the rule assumptions and mechanism directions;
Section 3.3 defines variables, parameters, and initialization; and Section 3.4 presents the
recursive state-update equations and reporting-window adjustments.

3.1. Governance Actors and Model Scope

The model translates real governance roles into computable rule terms. Managers,
CFOs, external auditors, boards or audit committees, regulators, and capital markets provide
reporting pressure, prudence, detection capability, internal monitoring, external interven-
tion, and feedback signals. These roles anchor the institutional parameters, state variables,
and recursive rules in the responsibilities, constraints, and feedback relations of financial
reporting oversight. Table 1 makes this correspondence explicit by linking each governance
role to its model representation, main parameter or state, and feedback path.
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Table 1. Governance-role mapping and feedback paths in the recursive simulation model.
Governance Role = Model Representation Main Parameter or State Feedback Path
) Higher pressure increases
Source of reporting Management pressure (MP), L .
Management . opportunistic reporting and
pressure earnings management (EM) _
earnings management
CFO reporting prudence Prudence and monitorin
Prudence and disclosure p &P . ] ] & )
CFO h ) (CP), disclosure quality improve disclosure and restrain
channe
(DQ) earnings management
_ , , Audit detection (AD), audit  Detection pressure reduces
) Detection and audit-quality ] o ) .
External auditor quality (AQ), audit risk earnings management and audit

channel

(AR) risk

Board or audit

Internal monitoring

Monitoring improves disclosure
Board oversight (BO) quality and embedded

committee channel )
governance quality
Regulation responds to risk with
. . Regulatory intensity (RG), & p )
External intervention . . delay and feeds back into
Regulator regulatory intervention (RI), _
channel earnings management and
governance delay (7) ) ’
disclosure quality
Market feedback (MF), Trust reduces opportunism and
Capital market Trust and feedback channel (MEF) PP
market trust (MT) strengthens governance feedback

The recursive simulation model comprises five linked components: governance-role
mapping, institutional-background parameterization, governance pathways, recursive state
updating, and comparable outputs. Governance-role mapping defines the actors and chan-
nels, institutional-background parameterization sets the rule conditions, and governance
pathways and recursive state updating generate sequences of states. Comparable outputs
report GQ, OOG, tail risk, and path stability. Scenario rankings compare institutional
combinations, and the governance chain provides the basis for interpreting differences in
model outputs.

Institutional constraints enter through formal rule settings and governance feedback.
Laws, accounting standards, and mandatory disclosure requirements define the financial
reporting oversight setting and are represented by scenario parameters, reporting-window
weights, and state clipping. Board accountability, reputational pressure, prudence require-
ments, and market evaluation shape expected costs and feedback strength in the state
updates. Governance delay, denoted by 7, represents the composite lag in information
acquisition, information processing, and institutional enforcement. DQ, RI, MT, and PR
represent the dynamic information structure: disclosure quality changes externally observ-
able information, regulatory intervention changes expectations about institutional response,
market trust reflects capital-market feedback, and perceived risk records accumulated
cross-period feedback from audit and regulatory pressure.

Figure 1 summarizes the feedback relations represented by the recursive equations in
Section 3.4. Role pressures and institutional constraints enter reporting states such as EM,
DQ, and AR; these states then affect regulatory intervention, perceived risk, and market
trust. Regulatory intervention, market trust, and the perceived-risk updating score feed
back into later opportunistic reporting. In the figure, EM denotes earnings management, DQ
disclosure quality, AR audit risk, RI regulatory intervention, PR perceived risk, MT market
trust, GQ the embedded governance quality index, OOG the outcome-only governance
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index, and T governance delay. The arrows represent the information, audit, regulatory,
and market-feedback directions specified in the model rules.

Role pressures and institutional constraints Reporting states Risk signal Regulatory feedback and
perceived-risk updating
J» Earnings management (EM) > ) )
) X Regulatory intervention (RI)
Disclosure quality (DQ) . .
o Perceived risk (PR)
Audit risk (AR)

Reporting pressure
and prudence

Management pressure (MP)
CFO reporting prudence (CP)

Governance delay (1)

State readings Regulatory signal

\ 4 v

Market feedback

Governance quality indices
and market trust

Embedded governance <

quality index (GQ) Market feedback (MF)
k to reporting choi Outcome-only governance Trust feedback Market trust (MT)

index (OOG)

Figure 1. Feedback loop in the recursive governance model. Colored boxes distinguish the model
components, solid arrows indicate the directions of model-rule information and feedback flows, and
white labels identify the corresponding flows.

3.2. Model Assumptions and Mechanism Specification

The model uses five rule assumptions. First, baseline scenario parameters and state
variables are standardized to the interval from 0 to 1; governance delay is an integer lag,
while reporting-window intensity weights may exceed 1 and are converted into effective
parameters in Section 3.4. Second, management pressure and lower market trust increase
earnings-management tendency, whereas audit detection, regulatory intensity, board over-
sight, information transparency, and perceived risk restrain it. Third, disclosure quality rises
with information transparency, CFO prudence, board oversight, and regulatory intervention,
and falls with earnings management. Fourth, earnings management and low disclosure
quality increase audit risk, while audit quality, audit detection, and board oversight reduce
it. Fifth, regulatory intervention and market trust serve as feedback variables: regulatory
intervention responds to risk and governance delay, and market trust responds to disclosure
quality, audit risk, and earnings management.

The rules encode role relations, institutional constraints, and feedback directions
in traceable computational form, allowing governance states to be compared across
parameter combinations.

3.3. Variables, Parameters, and Initialization

Table 2 lists the state variables, derived indices, and institutional parameters used in
the recursive system. This subsection then specifies the clipping function and initial-state
generation rule, which provide the basis for the state-update equations in Section 3.4 and
the scenario design in Section 4.1.
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Table 2. State variables, governance indices, and institutional parameters.

Symbol  Meaning Type Range or Setting
EM Earnings management State variable 0 to 1, lower is better
DQ Disclosure quality State variable 0 to 1, higher is better
AR Audit risk State variable 0 to 1, lower is better
RI Regulatory intervention State variable Otol

Embedded governance quality Embedded mechanism 0to 1, includes institutional
GQ . _ parameters

index index

and outcome states
PR Perceived risk State variable 0to, perceived risk updating and
deterrence channel

MT Market trust State variable 0 to 1, higher is better
00G Outcome-only governance index Derived outcome (DQ+MT+1—-EM+1- AR)/4
MP Management pressure Parameter Oto1l
CP CFO reporting prudence Parameter Oto1l
AD Audit detection Parameter Oto1l
AQ Audit quality Parameter Otol
BO Board oversight Parameter Oto1l
RG Regulatory intensity Parameter Otol
IT Information transparency Parameter Otol
T Governance delay Parameter Integer lag, 1 to 4
MF Market feedback Parameter Oto1l

All state updates use the clipping function:
C(x) = min(1, max(0,x)) (1)

This function keeps standardized state variables between 0 and 1. Each Monte Carlo
run first generates an initial state:

Sy = (EMy, DQy, AR, RIy, GQy, PRy, MT,) (2)

The model records simulation outputs from period 1. The initial state is determined
by scenario parameters, with independent Gaussian disturbances entering EM, DQ, AR,
and RI. For each initial-state variable X, b}'} denotes the intercept, b%", denotes the signed
coefficient on input Z, and ¢ denotes the disturbance standard deviation. Bold symbols
in Supplementary Table S1 collect the corresponding coefficients in equation order.

EM, = C(b53 , + bttt pMP + bttt ,CP + ¢EM) (3)
DQ, = C(bi5it | + bisit 1T + b5t .\ EM, + 5 ©) (4)
ARy = C(bigit 4 binit . EM + bt , LAQ + &fR) (5)

RIy = C(bE, + bttty o g6 ARy - RG + €51 (6)

GQoy = C(bicr:%,o +bE5,00DQ0 + bES EmEMo + bgiQt,ARARO) (7)
PR, = C(biz%iet,o + bgllizt,ADAD + biI?IiQt,RGRG) (8)

MT, = C(bit. ) + b5kt |, DQq + bifit. 4 R ARy) (9)

The disturbances are distributed as follows:

eEM ~ N(0, (o1)?) (10)
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g0 0 ~ N(0, (opsit)?) (11)
& ~ N(0, (75%)%) (12)
ekl ~ N(0, (oifi)?2) (13)

The choice of initialization may affect the early simulated trajectory and its interpreta-
tion because S, defines the starting point for all subsequent state updates. Differences in S,
may affect early-window state levels, whether an event is already present at Sy, whether a
new event occurs after recursive updating begins, and first-event timing. In the equations
above, scenario parameters enter before the first recursive update; independent Gaussian
disturbances introduce variation in S, across Monte Carlo replications. Early-window con-
trasts may therefore reflect both initial-state differences and differences generated by the
recursive scenario rules.

To assess the sensitivity of simulated outcomes to initialization, the numerical experi-
ment compares three initialization regimes. First, scenario-conditioned initialization uses
the equations above and the parameters assigned to each scenario to generate a run-specific
Sy, preserving the model’s scenario-specific starting states. Second, common-moderate ini-
tialization draws one S, from the moderate-baseline initialization rule for each paired repli-
cation and assigns it to all seven scenarios, providing the primary initialization-controlled
comparison. Third, fixed-midpoint initialization assigns (0.5,0.5,0.5,0.5,0.5,0.5,0.5) to
all seven scenarios and provides the robustness bound. Section 5.3 specifies the paired-
replication procedure, shared environmental-shock streams, and recorded measures. Empir-
ical estimation of initial states requires mappings between model constructs and observable
measures together with firm—period data [30,31].

3.4. Recursive State-Update Equations

For periods t = 1,...,32, the model uses delayed audit risk and delayed earnings
management to represent governance feedback delay. Let ANRt_T and EMt_T denote the
available delayed values. When history is long enough, the model uses AR;_, and EM,_.;
otherwise, it uses the earliest available value or the initial state. A larger T denotes slower
governance feedback.

Within each period, states are updated in the order EM;, DQ,, AR;, RI;, MT;, and then
GQ;/PR;. To incorporate reporting-window heterogeneity, the disclosure, audit, regulation,
and market-feedback weights are first converted into effective parameters:

AD¢ = C(AD - wf) (14)
AQf = C(AQ - wf) (15)
RG¢ = C(RG - wR) (16)
IT¢ = C(IT - wP) (17)
MF = C(MF - w}) (18)

Here, wP, wf, wk, and wM are the disclosure, audit, regulation, and market-feedback

intensity weights for reporting window f. Effective parameters are clipped before entering
the current-period update rules; the reporting-window mapping and baseline scenario
parameters are introduced below.

The model then computes audit detection pressure, institutional pressure, market
feedback strength, a perceived-risk updating score, and opportunistic reporting tendency.
The remaining equations use a common parameter notation: wX denotes the weight on
input Z in composite term K; b and b¥ denote the intercept and signed input coefficients
for state equation X; px denotes the prior-state share, with 1 — py as the target share; and
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ox denotes the recursive disturbance standard deviation. Bold symbols in Supplementary
Table S1 collect these parameters in equation order.

DP, = AD¢ - AQS (19)

IP, = w,DP,; + Wi .RG¢ + i BO + w!PIT¢ (20)

FS, = MF¢(wfS + wESIT?) (21)

RL,_; = wRERI,_; + wRLAR,_, + wRLFS, + wRLPR,_, (22)

OPP,_; = w(PPMP + w@EP (1 — CP) + wQEP (1 — MT,_;) + wOPEM,_,  (23)
The target and actual update of earnings management are:
EM; = C(OPP,_; + bEMIP, + bEMRL,_;) (24)
EM,; = C(pemEM, 1 + (1 = pen) EM; + €M) (25)
The disturbance is distributed as:
eEM ~ N(0,02)) (26)

Management pressure, insufficient prudence, and low market trust increase oppor-
tunistic tendency, while institutional pressure and the perceived-risk updating score restrain
earnings management.

The target and actual update of disclosure quality are:

DQ; = C(by? + bpPIT¢ + bZFCP + bpgBO + b PRI,y + by EM, ) (27)
DQ; = C(ppaDQ;_1 + (1 — ppo)DQ; + &%) (28)

The disturbance is distributed as:
&% ~ N(0,03,) (29)

Information transparency, CFO prudence, board oversight, and regulatory intervention
improve disclosure quality, whereas current earnings management reduces it.
The target and actual update of audit risk are:

AR; = C(b4R + bAREM, + bR (1 — DQ;) + bARDP, + b5BO) (30)
AR; = C(parAR;_1 + (1 — par)AR; + S?R) (31)

The disturbance is distributed as:
eM ~ N(0,03R) (32)

Earnings management and low disclosure quality increase audit risk, whereas audit
detection pressure and board oversight reduce it.
Regulatory intervention uses a nonlinear risk-response function, defined as:

L(x) =1/(1 + exp(—x)) (33)

In the regulatory-response rule, 0, 4g denotes the audit-risk response center, xg; de-
notes response steepness, and 6g; gy, denotes the earnings-management activation thresh-
old. Let d(7) = (T — Tin)/ (Tmax — Tmin), Where T, = 1 and 7,,,, = 4. This term scales
governance delay from zero to one. The target and actual updates are:

RI; = C(bY" + bRLRGS - L(xg;(AR; — g1 aR))

34
FORL LITE - AR, + bR max(0, EM, — Oy pag) + bR (T)) (34)
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RI, = C<pR1th—1 + (1 = pgr)RIf + Sfu) (35)

The disturbance is distributed as:
efl ~ N(0,0%)) (36)

The nonlinear term strengthens regulatory intervention as audit risk increases. Gov-
ernance delay slows the transmission of risk information through the feedback chain and
lowers the current-period regulatory response target.

Smooth-transition research supports the logistic distribution as a common smooth
S-shaped transition function and uses a semiparametric alternative to examine functional-
form uncertainty [36]. Supplementary Table S1 reports the main-specification response
center, response slope, and earnings-management activation threshold.

The target and actual update of market trust are:

MT; = C(b'T + bbDQ, + b IT; + by BO + bYTAR, + bYIEM,) (37)
MT,; = C(oprMT;_y + (1 = pprr)MT; + e'T) (38)

The disturbance is distributed as:
Mt ~ N(0,03r) (39)

Market trust increases with disclosure quality, transparency, and board oversight, and
decreases with audit risk and earnings management.
Embedded governance quality and perceived risk are updated as:

GQ; = C(b53DQ; + b5 BO + bSRGS + biPITS + by IMT,

40
+DESEM, + bSRAR, + bS9(1 - d(1))) (40)

PR; = C(pprPR;_; + (1 — ppgr) (WRAR, + w[KIP})) (41)

Because GQ; contains both outcome states and institutional parameters, it is defined as
an embedded mechanism index. To distinguish institutional settings from purely outcome-
based readings, this paper also reports an outcome-only governance index:

00G, = (DQ, + MT, +1 —EM, + 1 — AR,) /4 (42)

Let 015, 914! and Gg‘gl denote the earnings-management, audit-risk, and disclosure-
quality thresholds for the diagnostic joint event, respectively. The binary indicator is:

(43)
0, otherwise

Tail, = {1, EM, > 03, AR, > 054, DQ, < 65!

The thresholds 6757, 03%', and 7% define the diagnostic joint event in simulated
trajectories: high earnings management and high audit risk coincide with low disclosure
quality. Supplementary Table S1 reports the three threshold values used to classify model-
generated states.

Research on accrual-based earnings-management proxies shows that observed accrual
signals may arise from prudent business decisions or manipulation [47]. Accounting-fraud
detection research shows that enforcement labels and observable predictors can support
empirical classification [48]. Empirical identification of EM and AR requires observable
proxies and validated classification labels. The model classifies the simulated joint event
using its state variables and prespecified cutoffs.
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To measure adverse-state intensity continuously, the model also reports the adverse-

state index:
EM, + AR, + (1 - DQ,)

3
ASI, lies in [0, 1], with higher values denoting a more adverse joint reporting state

ASI, = (44)

within the model. I report early-window and full-trajectory summaries, together with
the maximum and terminal values. ASI uses no cutoff and summarizes the severity of
model-generated states through the continuous combination of EM, AR, and DQ.

The equations form a behavior-information—institution feedback chain. Management
pressure and market trust shape earnings management, which then affects disclosure quality
and audit risk. The regulatory-intervention rule incorporates audit risk and transparency.
Regulatory intervention, market trust, and perceived risk subsequently enter the next
reporting decision.

Table 3 summarizes the model specifications and bases for seven parameter classes.
Audit research supports the assurance and audit-quality mechanisms [42,43]. Audit-firm
research links transparency disclosures to audit quality [49]. Disclosure studies support the
public-information and market-feedback channels [1,37,38]. Research finds that expanded
auditor reporting conveys firm-specific information and is associated with capital-market
consequences [50]. I set the direction of each relation using the mechanisms identified
in these studies and the actor responsibilities defined by the regulatory framework, and I
select the functional forms from the corresponding literature. The regulatory framework
also defines the reporting timing and institutional contrasts represented in the model.
Independent studies provide benchmarks for the direction, risk location, and broad ordering
of model outcomes. Section 7.3 specifies the construct mappings, A-share firm—period panel,
and held-out evaluation required for empirical calibration [30,31].

Table 3. Model specifications and their bases by parameter class.

Parameter Class

Model Specification Basis for Specification

Intercepts and initialization

Initial-state intercepts use by, and
signed input coefficients use b, ; the , , .
. . ¢ Transparent simulation practice supports
main specification uses . ‘ L o
explicit reporting of initial conditions

scenario-conditioned initialization;
[20,21]

baseline values are reported in
Supplementary Table S1

Agency, reporting, governance, and audit

Composite weights use w%, and
state-equation intercepts and signed

Mechanism and target weights  coefficients use by and b%; baseline

values are reported in
Supplementary Table S1

research supports the modeled roles and
directions [1-5,9,10,37-43]. Research on
audit-firm transparency and expanded
auditor reporting further supports the
audit-quality and market-feedback channels
[49,50]

Prior-state shares use py, and target

Adjustment and inertia shares  shares use 1 — py; baseline values are

reported in Supplementary Table S1

Recursive-feedback research supports
persistence and delayed adjustment [17,18]

Initial and recursive noise

Initial disturbance scales use oM,
and recursive scales use oy; baseline
values are reported in
Supplementary Table S1

Simulation research supports stochastic
variation [11,12,21,22]
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Table 3. Cont.

Parameter Class

Model Specification

Basis for Specification

Logistic centers and slopes

The RI response uses 6g; 4 and xg;;
nonlinear-target and soft-boundary
centers and slopes are reported in
Supplementary Table S1

Threshold and social-dynamics research
motivates nonlinear response [18,19].
Smooth-transition research supports the
logistic distribution as a common S-shaped
function [36]

Reporting-window weights

Window-specific disclosure, audit,
regulation, and market-feedback

intensities use wP,

A R M.
wy', wy, and wy”;
the quarterly, semiannual, and

annual values are reported in Table 4

Relevant Chinese regulatory provisions
establish report categories, responsibilities,
and timing [51-56]. Disclosure research
supports the information and
market-feedback channels [1,37,38,50]

Boundaries, diagnostic
thresholds, and indices

E i - h([1 4
Hard [0, 1] clipping; tail thresholds arnings-management research [10,39,40],

OFn, 044, and 95’61; GQ, OOG, and
threshold-free ASI definitions;

threshold values are reported in

accrual-based earnings-management proxy
research [47], and accounting-fraud
detection research [48] inform the construct
definitions and empirical-classification

1 Table S1
Supplementary Table S requirements

Table 4. Reporting-window mapping and mechanism-intensity weights.

Market
R ing Wi M Peri Discl Audi R lati
eporting Window apped Periods isclosure udit egulation Feedback
First- and third-quarter Windows 1, 3,5, 7... 0.90 0.85 0.90 0.95
Semiannual report Windows 2, 6, 10... 1.05 0.95 1.05 1.00
Annual report Windows 4, 8, 12... 1.20 1.20 1.15 1.10

I set all numerical point values using three criteria: bounded state updates, relative
weights consistent with the modeled mechanisms, and interpretable trajectories over the
32 reporting windows. Within the composite terms, the IP weights sum to one; the RL
coefficients act as scaling parameters in the recursive equation. Normalization applies
to prior-state/target adjustment shares and to composite weights explicitly defined as
shares. Table 3 groups the model specifications by parameter class, Supplementary Table S1
reports their notation, ordering, baseline values, and source classification, and Section 5.3,
Section 5.4, and Section 6 assess dependence on these numerical choices [33-35].

Table 4 reports the disclosure, audit, regulation, and market-feedback weights for
the three reporting-window types. The 32 recursive windows cycle through first-quarter,
semiannual, third-quarter, and annual reports, representing eight reporting years. Win-
dows 20 and 32 are the annual-report windows for Years 5 and 8, respectively. Quarterly
reports update information over short intervals, semiannual reports provide broader in-
terim disclosure, and annual reports provide the most complete periodic disclosure and
face the strongest audit requirements. The mapping follows relevant Chinese regulatory
provisions [51-56], and disclosure research supports the information and market-feedback
channels [1,37,38,50]. I set the cross-window intensity pattern and multipliers.
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4. Simulation Experiment Design

This section describes the primary computational experiment. Scenario design defines
the institutional combinations, while the Monte Carlo implementation generates traceable
path distributions under the maintained specification.

4.1. Scenario Design

I use seven scenarios. The moderate baseline provides the interior computational
reference. Weak governance represents a joint-failure stress case. Strong audit and strong
regulation provide assurance-channel and external-response-channel contrasts, respectively.
High-transparency coordination represents coordinated oversight. Reduced governance
delay provides a controlled timing contrast. Audit upgrade with weak regulatory penalty
represents an assurance—enforcement mismatch. Together, these scenarios examine how dif-
ferent configurations of financial reporting oversight shape four groups of model outcomes:
accounting states (earnings management, disclosure quality, and audit risk); governance
feedback states (regulatory intervention, perceived risk, and market trust); changes be-
tween the Year 5 and Year 8 annual-report windows; and full-path risk measures (tail risk,
run-level event rates, and boundary diagnostics). Table 5 summarizes the design: Table 5A
presents each scenario’s purpose and institutional and empirical basis, and Table 5B,C
report the settings of all nine parameters.

The scenario design draws on Chinese disclosure and governance rules, the disclosure-
evaluation and inquiry practices of Chinese stock exchanges, A-share cases, and empirical
studies. I use disclosure and periodic-report rules, the corporate-governance code, audit
requirements, and disclosure-evaluation guidance to interpret CP, AD, AQ, BO, and IT as
CFO reporting prudence, audit detection, audit quality, board oversight, and information
transparency, respectively [51-56]. The interpretation and direction of RG follow the 2024
capital-market policy on regulatory intensity [57]. Studies of accounting-firm gatekeeping,
regulatory inspections, exchange comment letters, corporate governance, capital-market
liberalization, and disclosure evaluation describe the corresponding observable phenomena
in the A-share market and their expected directions [58-65]. The Kangmei case records
reporting failure, audit-gatekeeping failure, and regulatory sanctions within one oversight
chain [66,67]. Exchange inquiry and correction rules define the inquiry-response—correction
sequence, while studies of comment-letter reply delays document variation in its timing; I
therefore interpret T as governance-feedback delay [55,68].

Table 5. Scenario design and parameter settings. (Panel A) Scenario purposes, observable phenomena,
and institutional and empirical bases. (Panel B) Firm-reporting, internal-oversight, and assurance
parameters. (Panel C) Regulatory intensity, information transparency, governance delay, and market-
feedback parameters.

(A)

Scenario

Purpose

Observable Phenomena in

Institutional and Empirical Basis
the A-Share Market ! P

Moderate baseline

Interior computational
reference

Disclosure-evaluation practices of
Chinese stock exchanges,
illustrated by the Shanghai Stock
Exchange assessment for 1 July
2023-30 June 2024 [65] and its
applicable guideline [56]

Disclosure evaluation,
ordinary audit exposure, and
inquiry exposure
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Table 5. Cont.

(A)

Scenario

Purpose

Observable Phenomena in
the A-Share Market

Institutional and Empirical Basis

Weak governance

Joint-failure stress case

Low disclosure evaluation,
repeated correction, modified
opinion, restatement, or weak
internal control

Kangmei’s 2016-2018
annual-report misstatements and
omissions, announced in 2019
[66], and the 2021 audit-firm
decision [67]

Strong audit

Assurance-channel
contrast

Inspection outcomes, opinion
sensitivity, and audit
adjustments

CSRC random-inspection
evidence [60] and Chinese
exchange comment-letter
evidence on auditor
conservatism [61]

Strong regulation

External-response-
channel contrast

Inquiry severity, correction
timing, sanctions, and
follow-up review

2024 capital-market regulation
policy [57], 2019 Kangmei
enforcement notice [66], and 2021
audit-gatekeeper sanction [67]

High-transparency

Coordinated oversight

Disclosure evaluation,
audit-committee oversight,

Disclosure-evaluation practices of
Chinese stock exchanges,
illustrated by the 2023-2024
Shanghai Stock Exchange

coordination configuration assurance, timely response,
& ) Y p assessment [65], together with the
and market informativeness
governance code [54] and Stock
Connect disclosure evidence [64]
Inquiry and correction
Inquiry—-response—correction rocedures of Chinese stock
Reduced Controlled timing qHiry=resp P

governance delay

contrast

timing or board follow-up
timing

exchanges [55] and M&A
comment-letter reply-delay
evidence from China [68]

Audit upgrade with
weak regulatory

Assurance-enforcement

Conservative audit response
with comparatively weak

Chinese exchange comment-letter
evidence on auditor

penalty mismatch correction or enforcerment conservatism [61] anc? formal
gatekeeper accountability [58]
(B)

Scenario MP CP AD AQ BO
Moderate baseline 0.68 0.45 0.50 0.52 0.46
Weak governance 0.78 0.28 0.25 0.30 0.25
Strong audit 0.68 0.55 0.78 0.82 0.48
Strong regulation 0.65 0.50 0.52 0.55 0.55
High-transparency 0.58 0.68 0.78 0.80 0.72

coordination
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Table 5. Cont.
(B)
Scenario MP CP AD AQ BO
R
educed 0.68 045 0.50 0.52 0.46
governance delay
Audit upgrade with
weak 0.68 0.48 0.76 0.80 0.45
regulatory penalty
(©)

Scenario RG IT T MF
Moderate baseline 0.55 0.50 3 0.48
Weak governance 0.25 0.30 4 0.25
Strong audit 0.42 0.52 3 0.45
Strong regulation 0.86 0.58 1 0.50
High-transparency 0.82 0.86 1 0.72
coordination
Reduced 0.55 0.50 1 0.48
governance delay
Audit upgrade with
weak 0.35 0.50 3 0.42
regulatory penalty

I set the nine parameters for each scenario based on the observable phenomena, insti-
tutional rules, and empirical evidence described above. Relative to the moderate baseline,
weak governance raises MP and 7 and lowers the other seven parameters. Strong audit
retains the baseline values of MP and 7, raises CP, AD, AQ, BO, and IT, and lowers RG
and MF. Strong regulation lowers MP and 7 and raises the other seven parameters, with
the largest increase in RG. High-transparency coordination follows the direction of strong
regulation, with larger increases in CP, AD, AQ, BO, IT, and MF. Reduced governance delay
changes only 7. Audit upgrade with weak regulatory penalty raises CP, AD, and AQ, lowers
RG and MF, and keeps MP, BO, IT, and 7 at or near their baseline levels. The model structure
remains fixed across scenarios, and the parameter settings define controlled contrasts.

4.2. Simulation Procedure

At the start of each replication, I assign a random seed s; , using 2026 as the base seed:
sj» = 2026 +100,0007 + r (45)

Here,j =0, ...,] — 1 denotes the zero-based scenario index, and r = 1, ..., R denotes
the replication index. This rule assigns a unique and reproducible seed to each scenario-
replication pair. The seed fixes the random stream used to generate the initial state from
the Table 5 parameters and all subsequent disturbances. Each replication then spans 32
reporting windows. Quarterly, semiannual, and annual-report intensity weights enter the
state-update equations in each reporting window. The model reads lagged risk, computes
institutional pressure, market-feedback strength, the perceived-risk updating score, and
opportunistic tendency, and updates EM, DQ, AR, RI, MT, GQ, and PR.
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Iapply this procedure to the seven scenarios in Table 5 (J = 7), with 200 replications per
scenario (R = 200). The resulting trajectories are aggregated into summaries by reporting
window and scenario.

5. Numerical Simulation Results

This section reports the primary numerical results generated by the seven scenarios
and Monte Carlo procedure described in Section 4. Section 5.1 shows how the recur-
sive framework produces the traceable numerical paths required by RQ1 and reports the
governance-path dimension of RQ2 across all 32 reporting windows. Sections 5.2-5.4 ad-
dress the remaining dimensions of RQ2 by reporting scenario governance outcomes and
index rankings, tail-risk patterns across initialization regimes, and an analysis of institutional
mechanisms, respectively.

5.1. Recursive Governance Paths

Using scenario-conditioned initialization, Figure 2 traces the GQ and OOG paths
generated by recursive state updating for the seven scenarios over all 32 reporting windows.
Figure 2a presents embedded governance quality (GQ), and Figure 2b presents the outcome-
only governance index (OOG); both panels use reporting windows on the horizontal axis
and index values on the vertical axis, with each line showing one scenario’s mean path
across 200 runs, shaded bands showing the corresponding 95% Monte Carlo intervals, and
vertical guides marking annual-report windows 4, 8, 12, 16, 20, 24, 28, and 32. Across all
reporting windows, high-transparency coordination has the highest mean GQ and OOG,
and weak governance has the lowest. Within-year fluctuations correspond to the reporting-
window weights used in recursive updating. For GQ, three distinct scenario orderings
first appear at windows 1, 8, and 17; the moderate baseline and audit upgrade with weak
regulatory penalty exchange positions in several later windows. For OOG, three distinct
scenario orderings first appear at windows 1, 2, and 3; the ordering observed at window 5
remains unchanged thereafter.

(a) Embedded governance quality (GQ)
1.0

0.8

0.6

Index value

04|

0.2

0.0

Reporting window
(b) Outcome-only governance index (OOG)
1.0

08
06 [

0.4

Index value

0.2

0.0
1 4 8 12 16 20 24 28 32

Reporting window

—— High-transparency coordination ———- Strong regulation
........ Strong audit Reduced governance delay
—————— Moderate baseline Audit upgrade with weak regulatory penalty

——~— Weak governance

Figure 2. Governance-index paths across 32 reporting windows.
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5.2. Scenario Governance Outcomes and Index Rankings

After presenting the recursive governance paths, Tables 6 and 7 report the Year 5 and
Year 8 annual-report checkpoints, respectively. The two tables address the scenario-outcome
and governance-index dimensions of RQ2.

Table 6. Scenario governance outcomes at the Year 5 annual-report window. (Panel A) Governance-
index means and Monte Carlo intervals. (Panel B) State-variable means.

(A)

Scenario n GQ GQ 95% Interval 00G 0OO0OG 95% Interval
High-transparency coordination 200 0.8721 [0.8706, 0.8736] 0.9367 [0.9347, 0.9388]
Strong regulation 200 0.6793 [0.6770, 0.6816] 0.7691 [0.7659, 0.7723]
Strong audit 200 0.5081 [0.5059, 0.5102] 0.7570 [0.7540, 0.7600]
Reduced governance delay 200 0.5004 [0.4978, 0.5029] 0.6511 [0.6475, 0.6548]
Moderate baseline 200 0.4584 [0.4562, 0.4607] 0.6495 [0.6463, 0.6527]
Audit de with weak lat

Hells Hpgrade WIth weak Tegiatory 200 0.4536 [0.4513, 0.4559] 0.7147 [0.7114, 0.7179]
penalty
Weak governance 200 0.1017 [0.0994, 0.1041] 0.3676 [0.3643, 0.3710]

(B)
EM DQ AR MT

High-transparency coordination 0.0197 0.9301 0.0150 0.8516
Strong regulation 0.1265 0.7251 0.1588 0.6366
Strong audit 0.1662 0.6680 0.0800 0.6061
Reduced governance delay 0.2519 0.6179 0.2717 0.5103
Moderate baseline 0.2539 0.6100 0.2691 0.5110
Audit upgrade with weak regulatory penalty 0.2103 0.6218 0.1159 0.5631
Weak governance 0.5267 0.3485 0.5629 0.2117

Table 7. Governance-index levels and rankings at the Year 8 annual-report window.

Scenario GQ GQ Rank 0O0G O0O0G Rank
High-transparency coordination 0.8732 1 0.9385 1
Strong regulation 0.6822 2 0.7734 2
Strong audit 0.5106 3 0.7608 3
Reduced governance delay 0.5023 4 0.6544 5
Moderate baseline 0.4592 5 0.6512 6

Audi ith 1
udit upgrade with weak regulatory 0.4549 6 0.7166 4
penalty

Weak governance 0.1025 7 0.3682 7

Table 6A reports GQ and OOG means and their 95% Monte Carlo intervals for the
seven scenarios at the Year 5 annual-report window, based on 200 runs per scenario. High-
transparency coordination ranks first on both indices (GQ = 0.8721, OOG = 0.9367), fol-
lowed by strong regulation (GQ = 0.6793, OOG = 0.7691) and strong audit (GQ = 0.5081,
0OO0G = 0.7570); weak governance ranks last (GQ = 0.1017, OOG = 0.3676). The reported
intervals are narrow relative to the gaps among the three leading scenarios and between
these scenarios and weak governance. The middle scenarios differ across the two indices:
reduced governance delay ranks fourth on GQ (0.5004) and fifth on OOG (0.6511), com-
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pared with fifth on GQ (0.4584) and sixth on OOG (0.6495) for the moderate baseline, while
audit upgrade with weak regulatory penalty ranks fourth on OOG (0.7147) but sixth on
GQ (0.4536). The middle-scenario rankings vary with index composition: GQ incorporates
institutional parameters and governance delay, whereas OOG aggregates DQ, MT, EM,
and AR.

Table 6B reports the mean EM, DQ, AR, and MT values. High-transparency coordi-
nation combines the lowest EM (0.0197) and AR (0.0150) with the highest DQ (0.9301)
and MT (0.8516), whereas weak governance exhibits the reverse profile (EM = 0.5267,
AR = 0.5629, DQ = 0.3485, MT = 0.2117). Strong audit has lower AR than strong regulation
(0.0800 vs. 0.1588), while strong regulation has lower EM (0.1265 vs. 0.1662), higher DQ
(0.7251 vs. 0.6680), and higher MT (0.6366 vs. 0.6061). The state-variable means for the
middle scenarios further explain their GQ and OOG rankings. Reduced governance delay
remains close to the moderate baseline in EM (0.2519 vs. 0.2539), AR (0.2717 vs. 0.2691),
and MT (0.5103 vs. 0.5110), with a modestly higher DQ (0.6179 vs. 0.6100); its larger
difference from the baseline on GQ mainly reflects the governance-delay term embedded in
GQ. Audit upgrade with weak regulatory penalty has lower EM and AR and higher DQ and
MT than the moderate baseline. Its GQ remains slightly lower because the more favorable
outcome states are offset by the lower BO and RG terms in the index; IT and governance
delay remain at the baseline levels.

Table 6 shows that high-transparency coordination combines the most favorable four-
state profile with the highest GQ and OOG. Strong audit has a comparatively low AR,
while the two middle scenarios occupy different positions under GQ and OOG: reduced
governance delay differs from the moderate baseline mainly on GQ, and audit upgrade
with weak regulatory penalty has a higher OOG but a lower GQ than the baseline. At
the directional level, the simulation results parallel findings from governance studies of
Chinese listed firms. Corporate-governance-code reform, CSRC random inspections, and
capital-market liberalization are associated with lower earnings management or higher
accounting quality [59,60,64 ], while comment-letter studies link regulatory scrutiny to more
conservative auditor reporting, better disclosure quality, and corrective responses [61-63].

Table 7 reports GQ and OOG levels and rankings at the Year 8 annual-report window.
High-transparency coordination ranks first on both indices (GQ = 0.8732, OOG = 0.9385),
followed by strong regulation (GQ = 0.6822, OOG = 0.7734) and strong audit (GQ = 0.5106,
OOG = 0.7608); weak governance ranks last on both indices (GQ = 0.1025, OOG = 0.3682).
The three middle scenarios occupy different positions across the two indices: reduced
governance delay ranks fourth on GQ (0.5023) and fifth on OOG (0.6544), the moderate
baseline ranks fifth on GQ (0.4592) and sixth on OOG (0.6512), and audit upgrade with
weak regulatory penalty ranks sixth on GQ (0.4549) but fourth on OOG (0.7166). This
difference follows the index definitions: GQ incorporates institutional parameters and
governance delay; OOG aggregates DQ, MT, EM, and AR. The index composition explains
why reduced governance delay ranks higher on GQ than on OOG and audit upgrade with
weak regulatory penalty ranks higher on OOG than on GQ.

5.3. Analysis of Tail-Risk Patterns Across Initialization Regimes

Table 8 reports the analysis of the tail-risk patterns in RQ2 across the three initialization
regimes defined in Section 3.3. Each regime contains 1000 paired replications covering
all seven scenarios. Within each paired replication, the seven scenarios share the same
environmental-shock stream; under common-moderate initialization and fixed-midpoint
initialization, they also share the same initial state. This design distinguishes events present
at Sy from new events after recursive updating begins. Table 8A compares weak-governance
results across the three initialization regimes, with fixed-midpoint initialization providing
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a robustness check; first-event timing is conditional on at least one event during windows
1-32. Table 8B reports paired weak-governance-minus-moderate-baseline differences under
common-moderate initialization as the primary initialization-controlled comparison; all
paired intervals are based on 10,000 replicate-clustered paired bootstrap draws.

Table 8. Tail-risk patterns across initialization regimes. (Panel A) Weak-governance tail-risk diagnos-
tics across initialization regimes. (Panel B) Weak governance minus the moderate baseline under
common-moderate initialization.

(A)
First-E
Event Incidence 1rs.t vent Mean ASI
Window
Initialization Regime
Any Event, New Event . Windows
AtSo Windows 1-32 aftert =0 Mean Median 1-32
Scenario-conditioned 0.429 0.325 0.109 4.495 1 0.585777
initialization
Common-moderate 0.009 0.111 0.106 14.288 15 0.578147
initialization
Fixed-midpoint initialization ~ 0.000 0.075 0.075 20.293 20 0.572889
(B)
Outcome Paired Difference 95% Paired Interval
Any-event incidence +0.111 [0.092, 0.131]
New event after t = 0 +0.106 [0.087,0.125]
Mean ASI, windows 1-32 +0.241572 [0.241559, 0.241586 ]
Terminal GQ —0.358136 [—0.358159, —0.358113]
Terminal OOG —0.284217 [—0.284248, —0.284186 ]

Under weak governance, the S,/windows 1-32 any-event incidences are 0.429/0.325
under scenario-conditioned initialization, 0.009/0.111 under common-moderate initializa-
tion, and 0.000/0.075 under fixed-midpoint initialization. The corresponding new-event
incidences after t = 0 are 0.109, 0.106, and 0.075, and the mean ASI values for windows
1-32 are 0.585777, 0.578147, and 0.572889. Among replications with at least one event
during windows 1-32, the mean/median first-event windows are 4.495/1, 14.288/15, and
20.293/20. Under common-moderate initialization, the paired weak-governance-minus-
moderate-baseline differences are +0.111 [0.092, 0.131] for any-event incidence, +0.106
[0.087, 0.125] for a new event after = 0, +0.241572 [0.241559, 0.241586] for mean ASI,
—0.358136 [—0.358159, —0.358113] for terminal GQ, and —0.284217 [—0.284248, —0.284186]
for terminal OOG. The results show that scenario-conditioned initialization concentrates
weak-governance events in the earliest reporting windows. Replacing scenario-specific
starting states with a common initial state lowers event incidence and delays first events. Un-
der common-moderate initialization, weak governance retains higher any-event incidence
and mean AS], together with lower terminal GQ and OOG, than the moderate baseline.
Table S2 reports the complete seven-scenario event results, mean ASI, terminal GQ, and
terminal OOG.
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5.4. Analysis of Institutional Mechanisms

Section 5.4 examines the mechanism-combination dimension of RQ2 through one-at-a-
time mechanism sensitivity analysis, two-mechanism interaction analysis, and mechanism-
contribution decomposition for high-transparency coordination.

5.4.1. One-at-a-Time Mechanism Sensitivity Analysis

Table 9 reports a one-at-a-time sensitivity analysis around the moderate baseline, with
160 runs for each setting. Table 9A presents GQ and OOG, and Table 9B presents EM, DQ,
and AR; the analysis varies audit detection, regulatory intensity, information transparency,
and governance delay individually. Information transparency has the widest observed
GQ and OOG ranges: as IT rises from 0.35 to 0.85, GQ increases from 0.3978 to 0.5978 and
OOG from 0.6055 to 0.7534; DQ increases from 0.5486 to 0.7579, while EM and AR decline
from 0.2809 to 0.1926 and from 0.2948 to 0.2089. Increasing regulatory intensity from 0.35
to 0.85 raises GQ from 0.3992 to 0.5500 and OOG from 0.6236 to 0.6921, with EM and AR
declining to 0.1968 and 0.2288. Higher audit detection produces the lowest reported AR
value, 0.2006. Shortening governance delay from 4 to 1 raises GQ from 0.4369 to 0.5051
and OOG from 0.6480 to 0.6596. Within these local settings, information transparency and
regulatory intensity produce the larger movements across both governance indices, whereas
shorter governance delay is reflected mainly in GQ.

Table 9. One-at-a-time sensitivity analysis of governance indices and state variables. (Panel A)
Governance-index results. (Panel B) State-variable results.

(A)
Parameter Setting n GQ 00G
Audit detection 0.35 160 0.4467 0.6306
Audit detection 0.5 160 0.4602 0.6515
Audit detection 0.75 160 0.4792 0.6836
Regulatory intensity 0.35 160 0.3992 0.6236
Regulatory intensity 0.55 160 0.4596 0.6519
Regulatory intensity 0.85 160 0.5500 0.6921
Information transparency 0.35 160 0.3978 0.6055
Information transparency 0.5 160 0.4611 0.6536
Information transparency 0.85 160 0.5978 0.7534
Governance delay 1 160 0.5051 0.6596
Governance delay 3 160 0.4583 0.6496
Governance delay 4 160 0.4369 0.6480

(B)

Parameter Setting n EM DQ AR
Audit detection 0.35 160 0.2697 0.6035 0.3087
Audit detection 0.5 160 0.2510 0.6149 0.2718
Audit detection 0.75 160 0.2218 0.6180 0.2006

Regulatory intensity 0.35 160 0.2898 0.5902 0.2917
Regulatory intensity 0.55 160 0.2517 0.6092 0.2661
Regulatory intensity 0.85 160 0.1968 0.6447 0.2288
Information transparency 0.35 160 0.2809 0.5486 0.2948
Information transparency 0.5 160 0.2523 0.6141 0.2658
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Table 9. Cont.
(B)
Parameter Setting n EM DQ AR
Information transparency 0.85 160 0.1926 0.7579 0.2089
Governance delay 1 160  0.2452 0.6179 0.2600
Governance delay 3 160  0.2529 0.6084 0.2701
Governance delay 4 160  0.2551 0.6059 0.2731

5.4.2. Two-Mechanism Interaction Analysis

Table 10 reports extreme-corner cross-differences for two mechanism grids. Under
common-moderate initialization, each grid cell contains 1000 paired replicates. The extreme-
corner cross-difference subtracts the sum of the two mixed corners from the sum of the high—
high and low-low corners. Table 10A shows cross-differences of —0.001490 [—0.001493,
—0.001487] for GQ and —0.001938 [—0.001942, —0.001934] for OOG. Table 10B shows
corresponding estimates of —0.001635 [—0.001639, —0.001631] and —0.002122 [—-0.002127,
—0.002117]. The absolute GQ and OOG cross-differences in Table 10B are slightly larger
than those in Table 10A. All four estimates are negative, and their paired 95% intervals
exclude zero, indicating slight sub-additivity in both grids. Table S3 reports the results
under fixed-midpoint initialization, all adjacent-rectangle contrasts, standardized values,
and shares of total corner change.

Table 10. Two-mechanism interaction contrasts under common-moderate initialization. (Panel A) Audit
quality x regulatory intensity grid. (Panel B) Regulatory intensity x information transparency grid.

(A)
Extreme-Corner Interaction
% Pai | 1
Outcome Cross-Difference 95% Paired Interva Characteristic
GQ —0.001490 [—0.001493, —0.001487] Slight sub-additivity
000G —0.001938 [—0.001942, —0.001934 ] Slight sub-additivity
(B)
Extreme-Corner Interaction
% Pai | 1
Outcome Cross-Difference 95% Paired Interva Characteristic
GQ —0.001635 [—0.001639, —0.001631] Slight sub-additivity
000G —0.002122 [—0.002127, —0.002117] Slight sub-additivity

5.4.3. Mechanism-Contribution Decomposition for High-Transparency Coordination

Table 11 uses exact Shapley values to decompose the terminal GQ and OOG differences
between high-transparency coordination and the moderate baseline across five mechanism
blocks: information transparency; audit detection and audit quality; regulatory intensity
and governance delay; board oversight and CFO reporting prudence; and market feedback
and management pressure. All 32 mechanism-block combinations are evaluated under
common-moderate initialization with 1000 paired replicates per combination. Exact Shapley
values average each block’s marginal contribution across the mechanism-block combinations
and are reconstructed from all 120 addition orders. Table 11A presents terminal GQ, and
Table 11B presents terminal OOG; first-rank frequency records how often each block has
the largest replicate-level contribution. A block is classified as leading when its paired
dominance contrasts against all alternatives exclude zero in the same direction. Table 11A
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shows that transparency has the largest terminal-GQ contribution, 0.129033 [0.128945,
0.129120], and ranks first in every replicate. Table 11B shows a contribution of 0.088282
[0.088064, 0.088499] for internal monitoring and CFO reporting prudence, compared with
0.087905 [0.087778, 0.088031 ] for transparency. The paired difference is 0.000376 [0.000282,
0.000469], and the corresponding first-rank frequencies are 62.0% and 38.0%. The leading
mechanism block therefore differs between terminal GQ and terminal OOG. Table 54 reports
the fixed-midpoint results, complete two-regime decomposition, context-specific marginal
ranges, and efficiency and reconstruction audits.

Table 11. Mechanism-block Shapley contributions under common-moderate initialization. (Panel A)
Terminal GQ. (Panel B) Terminal OOG.

(A)
hapl First-Rank
Mechanism Block S a.p e).r 95% Paired Interval irst-Ran
Contribution Frequency
Transparency 0.129033 [0.128945, 0.129120] 100.0%
Audit 0.034641 [0.034464, 0.034815] 0.0%
Regulation and delay 0.115065 [0.114999, 0.115131] 0.0%
I 1 itori F
nternal monitoring and CFO ) 1 &) o5 [0.116017, 0.116307] 0.0%
reporting prudence
Market feedback and
arket feedbackc an 0.018282 [0.018197, 0.018366] 0.0%
management pressure
(B)
Shapl First-Rank
Mechanism Block a.p e).r 95% Paired Interval trst-tan
Contribution Frequency
Transparency 0.087905 [0.087778, 0.088031] 38.0%
Audit 0.056426 [0.056125, 0.056718] 0.0%
Regulation and delay 0.026987 [0.026893, 0.027080] 0.0%
Internal itori d CFO
fiernal MOmtoring an 0.088282 [0.088064, 0.088499] 62.0%
reporting prudence
Market feedback and
arket feedback an 0.026633 [0.026512, 0.026753] 0.0%
management pressure

Taken together, the three analyses show that information transparency corresponds to
the widest local ranges in both governance indices, both mechanism grids exhibit slight
sub-additivity, and the leading mechanism block identified by the Shapley decomposition
varies by outcome: transparency leads for terminal GQ, whereas internal monitoring and
CFO reporting prudence lead for terminal OOG.

6. Robustness Analyses, Model Extensions, and External Pattern-
Consistency Assessment

Section 6 evaluates the design dependence and external pattern consistency of the
principal findings in four stages. Section 6.1 examines local parameter choices, simultane-
ous parameter uncertainty, update schedules, response forms, and boundary treatments.
Section 6.2 reports the heterogeneity stress test across firm, audit, and regulatory conditions.
Section 6.3 specifies the firm—auditor-regulator learning extension and reports its held-out
and sensitivity results. Section 6.4 compares six pre-specified patterns with independent
Chinese A-share evidence.
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6.1. Robustness of Results to Changes in Parameters and Model Structure

This subsection examines whether the main results remain stable when parameter
values, sampling designs, or model structure change. Section 6.1.1 changes selected param-
eters and design choices separately, Section 6.1.2 varies multiple parameters simultaneously,
and Section 6.1.3 changes update schedules, response forms, and boundary treatments.

6.1.1. Robustness to Changes in Key Parameters and Design Choices

The local robustness checks change one group of parameters or design choices while
leaving the remaining setup unchanged. They cover the center and slope of the regulatory-
intervention response, reporting-window patterns, tail-risk thresholds, mechanism weights,
simulation noise, Monte Carlo run size, and boundary contact. These checks identify which
results persist under nearby alternative specifications and which vary with a particular
design choice.

Table 12 summarizes the results of these checks. All nine response-shape settings pre-
serve the complete GQ and OOG orders. Alternative reporting-window patterns preserve
the full OOG order and the leading three and last GQ positions; flat weights exchange
two middle GQ positions. Tail-risk incidence changes materially across threshold triples,
while ASI remains continuous across all scenarios. The leading, second, and last positions
also persist across the reported mechanism-weight, noise, and run-size settings. Boundary
contact is concentrated in EM, AR, and DQ, whereas GQ and OOG remain inside their
bounds. The main ordering is therefore stable at the top and bottom, while selected middle
positions and tail-risk incidence are more sensitive to design choices.

Table 12. Robustness under changes in key parameters and design choices.

S ti
Robustness Check Design Main Result uPpor ng
Evidence
Centers 0.25/0.35/0.45 x All nine settings preserve the complete
Regulatory-intervention  slopes 2/4/8; 1000 paired GQ and OOG orders; weak-governance Table S5
response shape replications per any-event incidence ranges from 0.329
scenario-setting to 0.340
The full OOG ord d the leadi
Flat, half-contrast, maintained, et orcer ar.1. cled .mg
Reporting-window and amplified patterns; 1000 three and last GQ positions persist; flat
P & ) P ) p ! weights exchange two middle GQ Table S6
pattern paired replications per .
scenario-settin positions; weak-governance any-event
& incidence ranges from 0.304 to 0.348
Weak-governance any-event incidence
. spans 0.041-0.893, 0.000-0.704, and
125 threshold triples pl
Threshold grid and ASI HITESHONE TpIes prus 0.000-0.615 across the three Table S7
continuous ASI o . .
initialization regimes; ASI remains
continuous for every scenario
High-t dinati
Norintercept mechanism oo 0 Je (e egulation second
i
Mechanism-weight ights multiplied by 0. ’ ’
echanism-wels weights multiplied by 0.90, and weak governance last; Table S8

perturbation

1.00, and 1.10; 160 runs per
setting

high-transparency GQ ranges from
0.7610 to 0.9822
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Table 12. Cont.
S ti
Robustness Check Design Main Result uPpor ng
Evidence
The relative positions of
Noise perturbation Noise scales 0.50, 1.00, 1.59, high—trénsparency coordination, strong Table S9
and 2.00; 160 runs per setting  regulation, and weak governance
remain unchanged
The core order of high-transparency
coordination, strong regulation, strong
dit, and weak i
Monte Carlo convergence 100, 200, 500, and 1000 runs audit, and weak goverhance remains Table S10

unchanged; high-transparency
GQ/OOG changes from 0.8740/0.9393
to 0.8728/0.9377

Boundary-contact
diagnostic

44,800 main EM lower-boundary contact is 3.6%,

] ) AR lower-boundary contact is 3.8%,
scenario-window-run

and DQ upper-boundary contact is Table S11
0.1%; GQ and OOG have no boundary
contact

observations plus
scenario-specific diagnostics

6.1.2. Robustness Under Simultaneous Parameter Variation

When multiple parameters vary simultaneously, the GQ and OOG scenario rankings
may change, and the relative strengths of factor-output associations may also shift. I use two
Latin hypercube sampling (LHS) designs to assess ranking stability and identify the factors
most strongly associated with output variation under simultaneous parameter uncertainty.

The common-factor design varies the scenario parameters, equation and adjustment
blocks, noise scale, reporting-window channels, and tail-risk thresholds together across
their specified ranges. Table S12 reports the factor families and range rules. The final design
contains 4000 samples and seven scenarios, with four common-random-number replications
for each sample-scenario combination.

The scenario-specific design includes shared factors and scenario-local factors for each
scenario. For each scenario, I calculate the partial rank correlation coefficient (PRCC) for
each included factor while controlling for the other shared and scenario-local factors in that
scenario’s factor set. The design uses 4000 samples and four replications for each sample-
scenario combination. Each PRCC describes the direction and strength of a conditional
monotonic association within the declared uncertainty ranges and sampling design [33-35].

Table 13 compares each sampled scenario ranking with the reference ranking in Table 7.
Mean Spearman p and mean Kendall T measure rank similarity; values closer to one indicate
greater agreement. Exact seven-scenario order retention requires every scenario to remain
in its reference position, whereas first- and last-place retention evaluate the two endpoints
separately. In both LHS designs, high-transparency coordination remains first and weak
governance remains last in every GQ and OOG draw. Exact-order retention ranges from
17.1% to 92.0%, with lower rates under scenario-specific uncertainty. These results locate
the greater sensitivity in the middle of the ranking. The convergence analysis supports
using the 4000-sample common-factor design as the PRCC reference; Table S13 reports the
complete results and comparison rules.
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Table 13. Stability of GQ and OOG scenario rankings under simultaneous parameter variation.

Exact .
. First-Place Last-Place
. Governance Mean Mean Seven-Scenario . .
LHS Design Scenario Scenario
Index Spearmanp  Kendall T Order ) .
Rk Retention Retention
Retention
Common-factor GQ 0.9830 0.9547 52.5% 100.0% 100.0%
Common-factor 000G 0.9971 0.9923 92.0% 100.0% 100.0%
Scenario-specific GQ 0.9222 0.8501 17.1% 100.0% 100.0%
Scenario-specific 000G 0.9425 0.8702 19.5% 100.0% 100.0%

Table 14 summarizes five selected scenario—output pairs from the common-factor
PRCC analysis: GQ, OOG, EM, and AR under the moderate baseline, and the tail-risk
observation rate under weak governance. For each pair, the table reports the five factors
with the largest absolute PRCCs. The first four pairs cover the two governance indices
and two adverse reporting states in the reference scenario; the fifth represents tail-risk
variation, which is concentrated under weak governance in the common-factor design.
In the moderate baseline, higher opportunism and management pressure are associated
with higher EM and AR and lower GQ and OOG. Higher information transparency and
regulatory intensity are associated with higher GQ; the institutional-pressure coefficient
scale and information transparency are associated with higher OOG. The institutional-
pressure coefficient scale, regulatory intensity, and CFO reporting prudence are associated
with lower EM, while the institutional-pressure coefficient scale, reporting-window audit-
weight scale, and audit quality are associated with lower AR. Under weak governance, the
five factors most strongly associated with the tail-risk observation rate are the opportunism
coefficient scale, management pressure, the EM tail-risk threshold, the simulation-noise
scale, and the institutional-pressure coefficient scale, in descending order of absolute PRCC.
In addition, to examine sensitivity patterns after incorporating scenario-local factors, I
report the leading scenario-specific PRCCs for GQ and OOG across different scenarios in
Table S14.

6.1.3. Robustness Under Changes in Model Structure

Changes in update scheduling or response form may alter the GQ and OOG scenario
rankings. Replacing hard clipping with a soft boundary or removing state clipping may
also move simulated states outside their admissible range. I use a structure-only design
and a joint structure—parameter design to assess scenario-order stability and the resulting
state ranges.

The structure-only design compares multiple structural variants, with 200 runs per
scenario for each variant. The baseline combines sequential updating, linear targets except
for the specified regulatory-intervention logistic term, and hard clipping. The alternatives
comprise synchronous updating, an audit/enforcement-first schedule, a fixed-seed random
schedule, nonlinear logistic targets, a soft logistic boundary, and a no-state-clipping diag-
nostic. Table 15 compares each variant with the reference order in Table 7 using Spearman p
and Kendall T. Exact-order retention requires all scenario positions to match the reference.
The alternative update schedules and the no-state-clipping diagnostic preserve the complete
GQ and OOG orders. Nonlinear logistic targets alter some middle GQ positions, while the
soft logistic boundary alters some middle positions for both indices. All variants retain
high-transparency coordination first and weak governance last.
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Table 14. Leading sensitivities for selected scenario—output pairs in the common-factor PRCC analysis.

Scenario and Output Entry Rank 1 Rank 2 Rank 3 Rank 4 Rank 5

. Factor EICS OCs IT MP RG

Moderate baseline, GQ Signed PRCC  0.930 —0.822 0.731 —0.684 0.659
Moderate baseline. 0OG Factor OCS MP IPCS 1T EqlS
oderate bascine, Signed PRCC ~ —0.896 —0.787 0.668 0.580 0.522

Moderate baseline. EM Factor OCS MP IPCS RG (@l
oderate baseline, Signed PRCC  0.921 0.828 ~0.725 ~0.376 ~0.329

Moderte bascline. AR Factor 0Cs MP IPCS RW-AWS AQ
oderate baselne, Signed PRCC  0.841 0.703 —0.583 —0.553 —0.448
Weak governance, tail-risk Factor ocCs MP EM-TRT SNS IPCS
observation rate Signed PRCC  0.851 0.741 ~0.554 0.254 ~0.243

Note: Abbreviations: EICS, embedded-index coefficient scale; OCS, opportunism coefficient scale; IT,
information transparency; MP, management pressure; RG, regulatory intensity; IPCS, institutional-
pressure coefficient scale; EqIS, equation-intercept scale; CP, CFO reporting prudence; RW-AWS,
reporting-window audit-weight scale; AQ, audit quality; EM-TRT, EM tail-risk threshold; SNS,
simulation-noise scale.

Table 15. Scenario-order stability across structure-only variants.

Vaciant GO GQ GO 00G 00G 00G
Spearman p Kendallt [ExactOrder Spearmanp KendallT ExactOrder
ial, li h
Sequential, linear, hard 1.000 1.000 Yes 1.000 1.000 Yes
clipping
Synchronous update 1.000 1.000 Yes 1.000 1.000 Yes
Audit/enforcement first 1.000 1.000 Yes 1.000 1.000 Yes
schedule
Fixed-seed random 1.000 1.000 Yes 1.000 1.000 Yes
schedule
Nonlinear logistic targets 0.964 0.905 No 1.000 1.000 Yes
Soft logistic boundary 0.893 0.810 No 0.964 0.905 No
No-state-clipping 1.000 1.000 Yes 1.000 1.000 Yes

diagnostic

In the joint structure—parameter design, I cross 1000 samples from the scenario-specific
LHS with the baseline structure and the response-form and boundary-treatment variants.
Each sample-structure-scenario combination uses four common-random-number repli-
cations. I use the mean terminal values across the four replications to form the GQ and
OOG scenario rankings for each sample—structure combination. Table 16 compares these
rankings with the reference order in Table 7 and reports, for each structure, the mean Spear-
man p, mean Kendall T, and exact-order retention across the 1000 samples. Exact-order
retention ranges from 1.2% to 18.7%, and the last-place scenario is retained in 100.0% of
samples in every case. Under the soft logistic boundary, strong regulation ranks first in
two of the 1000 GQ rankings, giving high-transparency coordination a 99.8% first-place
retention rate; first-place retention is 100.0% in all other cases. The ranking changes are
concentrated in the middle positions. In addition, the no-state-clipping diagnostic retains
the first- and last-place scenarios in both the structure-only and joint designs and produces
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standardized state values outside the admissible [0, 1] range, supporting hard clipping in
the baseline structure.

Table 16. Scenario-order stability under joint structure-parameter uncertainty.

G 000G 000G
GQ Mean GQ Mean Q OO0G Mean
Structure Spearman Kendall Exact-Order Spearman Mean Exact-Order
P P Retention P p Kendall Retention
Sequential-linear-hard 0.9225 0.8514 17.6% 0.9422 0.8699 18.7%
Nonlinear logistic 0.9179 0.8431 14.4% 0.9411 0.8682 18.1%
Soft logistic boundary 0.8865 0.8010 1.2% 0.9251 0.8467 16.4%
No-state-clippi
o-state-cliPPing 0.9235 0.8532 18.6% 0.9395 0.8641 16.9%

diagnostic

6.2. Heterogeneity Stress Test Across Firm, Audit, and Regulatory Conditions

To examine how governance indices and risk outcomes vary across firm, audit, and
regulatory conditions and how these conditions interact, I conduct a heterogeneity stress
test. The test uses a balanced 3 x 2 x 2 heterogeneity design that crosses three firm types,
two audit environments, and two regulatory environments, yielding 12 cells with 200 runs
per cell. Weak, baseline, and strong firms use high/median/low management pressure and
low/median/high CFO reporting prudence, board oversight, information transparency, and
market feedback, respectively; these levels are drawn from the seven scenarios. The audit
environments set both audit detection and audit quality at low or high levels. The regulatory
environments use weak regulation/long delay or strong regulation/short delay. Continuous
outcomes use 95% intervals from 10,000 stratified nonparametric bootstrap draws. Tail-risk
level rates use Wilson intervals, and tail-risk differences use the stratified bootstrap. These
intervals characterize Monte Carlo variation in the balanced heterogeneity design.

Table 17 reports adjacent-level contrasts in governance indices and risk outcomes
across the balanced heterogeneity design; Table S15 reports the complete factor-level means.
The factor-level means show that strong firms have higher GQ, OOG, DQ, and MT and
lower EM and AR than weak firms. AR is lower in high-audit than low-audit environments
(0.1120 versus 0.3464); compared with weak-regulation/long-delay environments, strong-
regulation/short-delay environments have higher GQ and lower EM and AR. Across the four
adjacent-level contrasts, GQ and OOG increase and AR decreases, with 95% intervals for all
three continuous outcomes excluding zero. The any-tail-risk rate decreases from weak to
baseline firms, from low to high audit environments, and from weak-regulation/long-delay
to strong-regulation/short-delay environments; the baseline-to-strong firm contrast is zero.

Table 18 reports the firm x audit, firm x regulation, and audit x regulation two-way
interaction contrasts, together with the firm x audit x regulation three-way contrast at the
extreme levels. The three two-way contrasts examine whether the firm contrast changes
across audit environments, whether the firm contrast changes across regulatory environ-
ments, and whether the audit contrast changes across regulatory environments, respectively;
the three-way contrast examines whether a two-way interaction changes with the third
condition. Across the three two-way contrasts, GQ and OOG are negative, indicating smaller
governance improvements when the other condition is already at its stronger level; AR and
the any-tail-risk rate are positive. At the extreme levels, the three-way contrast is negative
for GQ and OOG, positive for AR, and negative for the any-tail-risk rate.
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Table 17. Adjacent-level contrasts in governance indices and risk outcomes. (Panel A) Governance
indices. (Panel B) Risk outcomes.

(A)
Contrast AGQ AGQ 95% Interval AOOG AOOG 95% Interval
Firm: weak to baseline 0.2200 [0.2184, 0.2216] 0.1971 [0.1948, 0.1995]
Firm: baseline to strong 0.2716 [0.2702, 0.2731] 0.2149 [0.2129, 0.2170]
Audit: low to high 0.0711 [0.0698, 0.0723] 0.1165 [0.1147,0.1182]
Regulation: k/1 t
egulation: weak/long to 0.2395 [0.2383, 0.2408] 0.0757 [0.0740, 0.0775]
strong/short
(B)
A Any-Tail- A Any-Tail-Risk Rat
Contrast AAR AAR 95% Interval . ny-tal ny-tall-Hisk Rate
Risk Rate 95% Interval
Firm: weak to baseline —0.1610 [—0.1646, —0.1575] —0.0988 [—0.1163, —0.0813]
Firm: baseline to strong —0.1334 [-0.1365, —0.1304] 0.0000 [0.0000, 0.0000]
Audit: low to high —0.2344  [—0.2370, —0.2317] —0.0658 [—0.0775, —0.0542]
Regulation: k/1 t
egulation: weak/long to 00642 [—0.0668, —0.0615] ~0.0508 [~0.0625, —0.0391]

strong/short

Note: All contrasts are calculated as upper minus lower.

Table 18. Interaction contrasts among firm, audit, and regulatory conditions. (Panel A) Governance
indices. (Panel B) Risk outcomes.

(A)
Interaction Contrast GQ GQ 95% Interval 00G 0OO0G 95% Interval
Firm x audit —0.0474  [—0.0505, —0.0445] —0.0777 [—0.0819, —0.0735]
Firm x regulation —0.0333  [—0.0363, —0.0302] ~0.0486 [—0.0529, —0.0444]
Audit x regulation —0.0160  [—0.0185, —0.0134] —0.0243 [—0.0278, —0.0207]
Fi dit lati t
T ¢ atdit x TegUation, exXIeme g 0412  [—0.0472, —0.0353] ~0.0613 [~0.0697, —0.0529]
levels
(B)
Interaction Contrast AR AR 95% Interval A.ny-Tall- Any-Tail-Risk Rate
Risk Rate 95% Interval
Firm x audit 0.1548 [0.1486, 0.1611] 0.1975 [0.1625, 0.2325]
Firm x regulation 0.0481 [0.0418, 0.0542] 0.1525 [0.1174, 0.1875]
Audit x regulation 0.0323 [0.0270, 0.0375] 0.1017 [0.0783, 0.1250]
B . It
irm x audit x regulation, extreme ) [0.0625, 0.0876] ~0.3050 [—0.3750, —0.2349]

levels

Note: Each two-way interaction contrast is the upper-minus-lower contrast in the first condition when
the second condition is at its upper level, minus the corresponding contrast when the second condition
is at its lower level. The three-way interaction contrast is the firm x audit cross-difference under strong
regulation/short delay minus the corresponding cross-difference under weak regulation/long delay.

6.3. Firm—Auditor—Regulator Learning Extension

To examine how role-specific adaptation changes the recursive oversight process,
I introduce one firm/CFO agent, one auditor agent, and one regulator agent into each
firm—audit-regulation cell and retain the recursive environment defined in Section 3. At
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the start of each reporting window, the agents observe the pre-decision state and choose
actions simultaneously. Their actions adjust CFO reporting prudence, audit detection, and
regulatory intensity for the current window. The recursive equations then update the model
states and generate rewards, and each agent uses its reward and next observation to update
the action values for the following decision.

Each agent receives three binary signals, yielding eight observation states. The firm
observes high EM, high RI, and low MT; the auditor observes low DQ, high AR, and annual-
report status; and the regulator observes high delayed EM, high delayed AR, and low current
DQ. The firm chooses aggressive or integrity-oriented reporting, the auditor chooses low or
high audit effort, and the regulator chooses low or high enforcement intensity. The higher
action increases the corresponding current-window input, and the lower action decreases it
within the standardized range. Fixed role-specific multipliers introduce stable within-cell
variation across training and evaluation.

Each role uses a separate finite-state tabular Q-learning rule [69]. Held-out frozen-
policy evaluation fixes the learned action values during evaluation. Role-specific rewards
connect the agents’ objectives to the recursive states: the firm reward assigns positive
weights to EM and MT and negative weights to RI and AR; the auditor reward emphasizes
lower AR and higher DQ; and the regulator reward combines OOG with a tail-risk penalty.
Each higher action carries an effort cost. I set the observation cutoffs, action scale, trait
distribution, and reward weights to represent these incentives. The complete observation
encoding and cutoffs, action mappings, Q-learning update and parameters, and reward
functions are reported in the learning model specification in the Supplementary Materials.

The experiment retains the same 12 cells, with 200 replications per cell. Each replication
compares the fixed baseline, random policy, and learned greedy policy under shared
initial states and environmental shocks; training precedes held-out frozen-policy evaluation.
Learning robustness is assessed through an LHS over the registered learning factors and
alternative training lengths. The factors cover role-specific learning rates, discounting,
exploration, action amplitude, effort cost, stable-trait variation, and reward weights; the
complete experimental settings and declared ranges are reported with Table 516 in the
Supplementary Materials.

Table 19 reports fixed-baseline outcome levels in Table 19A and paired differences
between the learned greedy policy and the fixed baseline in Table 19B. Under the fixed
baseline, mean GQ, OOG, EM, AR, and the any-tail-risk rate are 0.5075, 0.6876, 0.2258, 0.2292,
and 0.0329, respectively. Relative to this baseline, the paired differences for the learned
greedy policy are —0.0326 for GQ, —0.0292 for OOG, +0.0293 for EM, +0.0277 for AR, and
+0.0179 for the any-tail-risk rate. These paired contrasts show that the simulation model
can represent the joint effects of role adaptation on governance indices and risk within
the recursive oversight process. Moreover, sensitivity analysis shows that the negative GQ
and OOG contrasts persist in more than 96% of LHS draws and across all training lengths,
whereas the contrast in the any-tail-risk rate is more sensitive to learning specifications,
indicating that the model’s GQ and OOG result directions are robust under the tested
settings (Table S17).

6.4. External Pattern-Consistency Assessment

The preceding analyses examine the robustness of the main results to parameter and
model-structure changes and extend the analysis to heterogeneity across firm, audit, and
regulatory conditions and to firm-auditor-regulator learning. To assess external relevance,
I conduct a structured assessment of the principal model patterns using multi-source
evidence. The regulatory framework [51-58] provides institutional anchoring by defining
institutional roles and observable proxies; the empirical literature [59-64] provides patterns
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for comparison. I specified the comparison patterns before examining the extension results.
The assessment covers cross-scenario or mechanism-level relations at three levels: direction,
adverse-state location, and broad ordering. Institutional scenarios define model inputs
and experimental contrasts; the moderate baseline serves as the comparator, and stronger
regulation and shorter governance delay are grouped under the “Stronger/faster regulation”
pattern. For each comparison pattern, I identify the corresponding simulation result and
supporting table, compare the result with the empirical pattern reported in the literature,
and classify the correspondence as matched, partially matched, not matched, or evidence
insufficient. The assessment uses qualitative and ordinal comparison based on the cited
regulatory and empirical evidence.

Table 19. Fixed-baseline outcomes and paired policy contrasts in the firm—auditor-regulator learn-
ing experiment. (Panel A) Fixed-baseline outcomes. (Panel B) Learned greedy policy minus
fixed baseline.

(A)
Outcome Mean 95% Interval
GQ 0.5075 [0.4980, 0.5170]
00G 0.6876 [0.6803, 0.6950]
EM 0.2258 [0.2192, 0.2324]
AR 0.2292 [0.2220, 0.2363]
Any-tail-risk rate 0.0329 [0.0258, 0.0401]
(B)
Outcome A vs. Fixed Baseline 95% Interval
GQ —0.0326 [—0.0335, —0.0316]
00G —0.0292 [—0.0299, —0.0284]
EM +0.0293 [+0.0284, +0.0301]
AR +0.0277 [+0.0269, +0.0286]
Any-tail-risk rate +0.0179 [+0.0119, +0.0239]

Note: A is calculated as the learned greedy policy minus the fixed baseline.

Table 20 reports the external pattern-consistency assessment results. Coordinated
mechanisms match at the broad-ordering level; stronger audit, stronger or faster regulation,
and transparency/observability match directionally; and weak-setting risk concentration
matches at the adverse-state-location level. The “Audit upgrade with weak penalty” pattern
is partially matched because the empirical literature supports the auditor-response direction,
while the exact separation between OOG and GQ remains unidentified. The regulatory
framework provides institutional anchoring for the model constructs, and the literature
comparison indicates varying degrees of external consistency in direction, adverse-state
location, and broad ordering. These results strengthen the external relevance and credibility
of the simulation model developed in this study for the governance patterns examined here.
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Table 20. External pattern-consistency assessment results.
Comparison Pattern Simulation Result External Evidence Assessment
Governance, disclosure, and
Across the baseline and )

) ) gatekeeper rules assign

Coordinated uncertainty analyses, o
. . o complementary responsibilities to

mechanisms high-transparency coordination . ;

L . ) listed companies, boards,
(coordination first, occupies the top GQ/OOG rank Matched at the

weak governance last,

in all or nearly all cases, weak

exchanges, and accounting firms broad-orderin
- i
[53-56,58]; governance-code &

middle order governance remains last, and rank ) ] level
) ] reform, CSRC inspections, and
unrestricted; broad changes are concentrated in the ) )
. . s Stock Connect are associated with
ordering) middle positions higher reporting quality
Tables 6, 7,13, 15 and 16).
(Tables and 16) [59,60,64].
Governance and gatekeeper rules
As audit detection rises, the OAT  define audit-committee oversight
analysis shows lower AR and EM; and accounting-firm
Stronger audit (lower adjacent-leYel contrasts aI.ld accountability [54,58]; Matched
. . heterogeneity results retain the governance-code reform and . .
AR and EM; direction) o directionally
same audit-improvement exchange comment letters are
direction (Tables 9 and 17; associated with lower EM and
Supplementary Table S15). more conservative auditor
reporting [59,61].
. o Disclosure rules, listing rules, and
As regulatory intensity rises and . -
capital-market regulation
governance delay shortens, the o ] )
. . establish inquiry, correction,
Stronger/faster OAT analysis shows higher response-timing, and
& ] ) GQ/DQ and lower EM/AR; p ,g' )
regulation (higher stronger-oversight mechanisms Matched

adjacent-level contrasts and

GQ/DQ and lower . . [53,55,57]; CSRC inspections and  directionally
L heterogeneity results retain the .
EM/AR; direction) . comment letters are associated
same regulatory-improvement ) . .
o with higher accounting or
direction (Tables 9 and 17; . . .
Supplementary Table S15) disclosure quality and corrective
PP y ' responses [60-63].
Reporting and
Scenario and sensitivity results disclosure-evaluation rules define
Transparency /obser show that greater transparency disclosure content, timing, and
V-
. p ] y raises DQ, MT, and OOG and observable quality [51-56];
ability (higher lowers EM; the PRCC analysis comment letters and Stock Matched
; i
DQ/MT/OO0G and ! y directionally

lower EM; direction)

also reports positive associations
of transparency with GQ/O0G
(Tables 6, 9 and 14).

Connect are associated with more
informative disclosure, higher
disclosure grades, and lower EM
[62-64].

https://doi.org/10.3390/systems14081022


https://doi.org/10.3390/systems14081022

Systems 2026, 14, 1022 34 of 40
Table 20. Cont.
Comparison Pattern Simulation Result External Evidence Assessment
Capital-market and gatekeeper
After common-moderate P ] ) & p'
. . o rules emphasize risk prevention
Weak-setting risk initialization, weak governance ) . )
] ) ) ) > and financial-reporting
concentration (higher retains higher event incidence and -
] accountability [57,58]; Matched at the
adverse-state ASI and lower terminal GQ than
governance reform, CSRC adverse-state-

diagnostics and weak
governance ranked last;
adverse-state location)

the moderate baseline; it also
remains last in GQ/O0G
rankings across uncertainty
analyses (Tables 8, 13, 15 and 16).

inspections, and comment-letter ~ location level
studies report stronger oversight
associations in higher-risk settings

Audit upgrade with
weak penalty (lower
AR and higher OOG;

direction)

[59,60,63].
Relative to the moderate baseline, ~Gatekeeper rules establish
audit upgrading lowers AR and accounting-firm accountability
raises OOG, while GQ remains under regulatory oversight [58];
below strong regulation; the CSRC inspection and Partially matched
scenario consequently occupies comment-letter evidence links
different GQ and OOG ranks auditor responses to regulatory
(Tables 6 and 7). risk [60,61].

7. Discussion
7.1. Theoretical Implications

Financial reporting research often examines managerial reporting incentives, audit
detection, board oversight, enforcement, disclosure, and market response through distinct
analytical lenses. The present model places these mechanisms in one intertemporal struc-
ture and treats governance quality as an emergent property of their connections. Reporting
incentives shape EM; audit and board oversight influence detection; regulation and disclo-
sure convert detected risk into correction and visible consequences; and market trust enters
subsequent reporting incentives. The theoretical contribution lies in specifying how these
channels form a feedback system whose behavior depends on their alignment.

The GQ, OOG, and initialization analyses jointly show that financial reporting oversight
depends on the institutional conversion of detected risk and the path of state evolution,
while fine-grained rankings remain sensitive to measurement design. OOG summarizes
outcome states, whereas GQ also incorporates the institutional channels that generate
them. Audit upgrade with weak regulatory penalty improves AR and OOG without a
parallel GQ-rank improvement, indicating that detection produces a broader governance
change after effective institutional conversion. The broad top and bottom positions persist
across parameter and structural analyses, while middle ranks remain more sensitive to
index construction and boundary treatment (Tables 7 and 13-16). Initialization analysis
sharpens the temporal interpretation: scenario-conditioned states explain much of the early
weak-governance risk, while common states and shocks preserve a later adverse difference
(Table 8). The model therefore distinguishes inherited starting conditions from differences
generated through recursive updating.

Mechanism effects vary across mechanism combinations, outcome measures, and
governance settings. The two-mechanism cross-differences show slight sub-additivity,
linking joint improvement to diminishing incremental gains within the specified design
(Table 10). Exact Shapley values identify transparency as the leading contribution to termi-
nal GQ and the internal-monitoring-and-CFO-prudence block as the leading contribution
to terminal OOG (Table 11). The heterogeneity design extends this conditional account
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across constructed firm, audit, and regulatory environments: audit and regulatory im-
provements are larger in weaker settings and smaller where firm governance is already
strong (Tables 17 and 18). This pattern aligns with documented variation across informa-
tion, ownership, misstatement-risk, and agency-cost settings [59,60,63,64]. Together, the
results position oversight effects within the surrounding institutional configuration.

The learning-agent extension shows that role-specific adaptation under local diagnostic
rewards can produce adverse system-level outcomes. When the firm/CFO, auditor, and
regulator adjust role-specific actions in response to their own diagnostic rewards, the learned
policy yields less favorable governance and disclosure outcomes and greater reporting
and audit risks than the fixed policy (Table 19). The adverse GQ and OOG direction is
broadly retained across sensitivity settings, with greater variation in magnitude and tail-risk
contrasts. I interpret this pattern as a possible role-reward externality within the fixed three-
role architecture: locally reinforced actions can weaken the connected oversight system. This
result extends the theoretical argument from institutional configuration to adaptive behavior.
Effective oversight depends on feedback structures that align role-specific incentives with
system-level reporting and accountability outcomes.

7.2. Practical Implications

The practical implication is to trace oversight signals and identify coordination break-
downs along the institutional chain. Boards and audit committees determine whether audit
findings enter timely review and disclosure correction. Auditors provide detection capacity;
regulatory authorities and exchanges shape the timing, visibility, and consequences of
detected risk; investors receive the resulting disclosures and feed information into market
trust and later reporting incentives. Examining these links together can locate a breakdown
between detection, internal response, regulatory conversion, market communication, and
subsequent behavior. The sequence also directs attention to coordination: strong perfor-
mance at one link has limited system value when the next institution receives the signal
late, converts it weakly, or returns little feedback to later reporting decisions.

The simulation supports diagnosis of signal visibility, institutional response, market
feedback, and behavioral adaptation. It organizes four questions: whether risk signals
become detectable and visible; whether responsible institutions translate them into timely
correction or expected cost; whether disclosure activates market feedback; and whether
repeated outcomes alter later conduct. Boards, auditors, regulators, exchanges, and investors
can use this sequence to examine visibility, timing, linkage, and reward alignment under
specified governance arrangements. The learning-agent extension adds a dynamic check on
whether repeated feedback moves role choices in a direction consistent with the connected
oversight process. Real-firm observations remain necessary for estimating institutional
effects and developing numerical recommendations. The framework therefore supports
structured diagnosis and comparison under declared assumptions.

7.3. Limitations and Future Research Directions

Empirical calibration and held-out evaluation can be further developed. This study
has completed an external pattern-consistency assessment of selected governance patterns.
Computational verification and dependence diagnostics provide model-internal evidence,
and the external assessment covers directions, adverse-state locations, and broad top /bottom
ordering (Table 20). Parameter settings can be further refined using linked firm-period
observations. Future research should construct a linked A-share firm—period panel, refine
the existing construct mappings for EM, DQ, AR, RI, and MT, and expand data-quality
audits. The panel should integrate disclosure evaluations and corrections, restatements
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and enforcement outcomes, audit and governance attributes, inquiry-response timing, and
market information.

Fine-grained model comparisons remain sensitive to initialization, constructed mea-
sures, and boundary rules. This study has compared alternative starting states and bound-
ary treatments and combined GQ and OOG with the diagnostic joint-event indicator and
adverse-state index. Early events and some middle rankings show some sensitivity to start-
ing states, boundary functions, and threshold settings, leaving fine-grained comparisons
open to further evaluation with observed data. Future estimation should prespecify target
moments and a chronological calibration—validation—final-test split, estimate parameters
through a constrained simulated method of moments or approximate Bayesian compu-
tation, and compare held-out distributions and rankings with observed outcomes and
simple benchmarks. The estimation protocol should state parameter constraints, weights,
tolerances, priors, and stopping rules.

The fixed three-role architecture simplifies behavioral heterogeneity and interaction
across agents. This study has implemented a learning-agent extension that examines
role-specific adaptation under the declared rewards. The current design captures one
adaptation path, with scope for richer agent heterogeneity, interaction networks, and em-
pirically estimated behavioral parameters. Future research should develop population-
based, empirically constrained multi-agent models using observed type distributions
and behavioral parameters. These models can test whether the role-reward externality
persists across heterogeneous positions while preserving transparent specifications and
reproducible benchmarks.

8. Conclusions

This study models financial reporting oversight as a recursive feedback system. The
architecture links reporting incentives, audit detection and board oversight, regulatory re-
sponse, disclosure, and market feedback, while the learning-agent extension examines how
bounded role adaptation alters their interaction. Its contribution is a transparent and au-
ditable environment for comparing institutional configurations, tracing feedback sequences,
and examining dynamic adaptation within a common system under declared rules.

The results reveal stable governance patterns, conditional mechanism effects, and a
role-reward externality. Coordinated governance configurations retain the strongest broad
performance, whereas weak governance remains concentrated in adverse states across the
main comparisons. Differences between GQ and OOG show that detected risk changes
system outcomes when monitoring, consequences, and disclosure complete institutional
conversion. Cross-difference, Shapley, and heterogeneity analyses show that mechanism
effects vary across combinations, outcome measures, and surrounding firm, audit, and
regulatory conditions. Under the declared diagnostic rewards, role-specific adaptation
weakens the connected system, indicating that locally rewarded choices can generate adverse
system-level effects.

These findings explain how oversight signals become institutional outcomes and sub-
sequent feedback. Risk detection, institutional conversion, and feedback timing jointly
determine whether a governance problem prompts correction and changes later conduct.
The framework supports diagnosis of signal visibility, institutional response, credible con-
sequences, and the entry of disclosure into market and behavioral feedback across the
connected oversight chain. Computational verification and dependence diagnostics estab-
lish model-internal behavior, and the completed external pattern-consistency assessment
supports selected directions, adverse-state locations, and broad ordering; initialization and
measurement choices still shape fine-grained comparisons that can be further evaluated
through empirical calibration and real-firm observations.
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Future research can strengthen empirical calibration, cross-institutional evaluation, and
multi-agent modeling. A linked A-share firm—period panel can refine construct mappings,
estimate model components, and support chronological calibration, validation, and held-out
evaluation. Cross-institutional applications can remap institutional roles, reporting and
enforcement timing, disclosure measures, and audit-market structures; population-based
multi-agent models can add observed heterogeneity, interaction networks, and entry or
exit. These extensions can develop the transparent mechanism framework into a basis for
observed-data testing across governance settings.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/systems14081022/s1, Table S1: Parameter-source categories,
evidence scope, equation notation, and baseline values; Table S2: Scenario results across initialization
regimes; Table S3: Additive-interaction contrasts across mechanism grids and initialization regimes;
Table S4: Complete Shapley decomposition and computational checks across initialization regimes;
Table S5: Regulatory-intervention response-shape diagnostic; Table S6: Reporting-window pattern
diagnostic; Table S7: Threshold-grid event incidence and adverse-state index summaries; Table S8:
Governance-index results under common mechanism-weight multipliers; Table S9: Governance-index
results under simulation-noise multipliers; Table S10: Governance-index results by Monte Carlo run
size; Table S11: Scenario-specific state-clipping contacts; Table S12: Common-factor LHS design:
factor families and uncertainty ranges; Table S13: PRCC convergence by LHS sample size; Table S14:
Leading scenario-specific PRCCs for GQ and OOG; Table S15: Factor-level means in the balanced
3 x 2 x 2 heterogeneity design; Table S16: Learning-factor families and uncertainty ranges; Table S17:
Held-out learning-policy outcomes and sensitivity diagnostics.
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