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Abstract: Organizationsoperate under conditionsof imperfect performance inwhichhumanerror is inevitable,
yet errors are rarely examined as the triggers for the managerial interactions that shape organizational culture
over time. The present research introduces an agent-based simulation of a work team completing a fixed se-
quenceof tasks under varyingdegrees ofmanagerial oversight and responsepolicy. Themodel isolates theme-
chanical loss of throughput caused by errors from the psychological and cultural consequences of managerial
reactions, which are categorized into ignoring, correcting or punishing. Furthermore, the model incorporates
an autonomous self-notice mechanism, allowing workers to correct themselves in the absence of managerial
intervention. By tracking the accumulation of worker resentment and the transient enhancements in learning,
the simulation acts as a dynamic laboratory for observing delayed consequences, nonlinear tipping points and
systemic organizational collapse. The results reveal a central paradox of organizational control. Highly moni-
tored punitive environments generate high short-term throughput, yet they simultaneously accumulate inter-
actional injustice and resentment that engineer a rapid cascading turnover and the highest probability of sys-
temic collapse. Conversely, correctivepolicies combinedwithactivemonitoringachieveequivalent throughput
while sustaining workforce viability. A comprehensive sensitivity analysis establishes that error accumulation
is primarily determined by structural factors, namely agent-level mistake propensity and task difficulty, while
resignation dynamics, resentment accumulation and collapse timing remain predominantly governed byman-
agerial policy, a hierarchy independently corroborated by a surrogate model and shown to be stable across
independent seeds and across stakeholder weighting scenarios. The study bridges the operational mechanics
of task completion and the social dynamics of workplace mistreatment, illustrating how short-term punitive
success often masks long-term structural fragility.

Keywords: Agent-based Modeling, Error Management Culture, Workplace Incivility, Organizational Tipping
Points, System Dynamics, Resentment Accumulation

Introduction

1.1 The inevitability of human error remains a fundamental challenge in organizational operations (Van Dyck et al.
2005). In complex work environments, individuals face cognitive demands, time pressures, and structural con-
straints that make imperfect performance a practical certainty. Errors are unintentional deviations from estab-
lished goals that consume organizational resources without advancing task completion, so that when aworker
expends effort but commits amistake, that worker’s capacity is spent for the period while effective throughput
remains stagnant. This creates a direct performance tradeoff in which efficiency is continually undermined by
the frequency and severity of mistakes. Treating errors as isolated operational failures, however, understates
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their systemic significance, because the way an organization absorbs, processes, and responds to these devia-
tions shapes not only its immediate productivity but also its longer term adaptive capacity and the wellbeing
of its workforce.

1.2 Managerial oversight is conventionally understood as an operational control mechanism intended to secure
compliance, maintain quality standards, and allocate resources efficiently. Oversight also operates, however,
as a cultural signal. When a manager observes an error and selects a response, that interaction does more
than repair a flawed task, because it communicates the organization’s stance on psychological safety, risk tol-
erance, and interpersonal respect (Edmondson & Bransby 2023). An oversight regime that monitors heavily
and responds punitively cultivates an environment of fear and compliance, whereas one that treats errors as
informational inputs for improvement supports an error management culture (Van Dyck et al. 2005). The poli-
cies that managers adopt therefore do not merely record behavioral deviations; they help construct the social
reality of the workplace, determining whether an error becomes an occasion for capability development or a
source of interpersonal friction and withdrawal.

1.3 This cultural dimension is closely bound to workplace mistreatment and, in particular, to incivility, defined as
low intensity deviant behavior with an ambiguous intent to harm that violates the norms of mutual respect
(Andersson & Pearson 1999). Incivility is neither rare nor trivial. Recent syntheses identify it as among themost
commonworkplace stressors, withmeta-analytic prevalence estimates approaching three quarters of employ-
ees, and they connect it to a broadnetwork of affective, health related, andbehavioral consequences (Han et al.
2022; Magley et al. 2026). A punitive or excessively critical response to error frequently registers as incivility, be-
cause a public reprimand, a scornful remark, or a dismissive reaction is often experienced not as legitimate
correction but as an interpersonal offense. Because the intent behind managerial frustration is ambiguous,
these low intensity interactions consume the cognitive and emotional resources of the employee, and where
an error response climate tolerates or rewards incivility as an instrument of control, the organization converts
routine operational feedback into a chronic psychological stressor. Meta-analytic evidence links this exposure
to heightened turnover intention across different sources of incivility (Namin et al. 2022), which ties the inter-
personal texture of oversight directly to the erosion of the workforce.

1.4 The relationship among managerial incivility, error correction, and performance is nonlinear, and it is not well
captured by static, cross sectional observation. A punitive environmentmay at first appear effective, suppress-
ing visible errors through fear and compliance, yet this short-term gain is routinely offset by the largely invisible
accumulation of worker resentment. As negative experiences compound, the workforce approaches a criti-
cal threshold, and once that threshold is crossed the system can pass a tipping point into cascading turnover
and operational breakdown (Rudolph & Repenning 2002). Capturing how local manager to worker interactions
escalate into system level failure, including the temporal delay between an oversight policy and the eventual
collapse of the team, requires a dynamic rather than a static representation. The present research therefore
develops an agent-based simulation in which heterogeneous workers and a singlemanager interact over time,
so that the delayed and nonlinear consequences of feedback policy become observable.

Conceptual Background

Workplace incivility and its escalation

2.1 Workplace incivility occupies the subtle end of the organizational mistreatment spectrum. Unlike overt ha-
rassment or physical aggression, it is defined by low intensity and an ambiguous intent to harm, and behav-
iors such as eye rolling, ignoring input, or delivering unusually harsh criticism under the guise of performance
management violate the norms of mutual respect on which cooperative work depends (Andersson & Pearson
1999; Magley et al. 2026). The ambiguity of intent is central to the harm, because it obliges the target to spend
cognitive resources interpreting the interaction, and this interpretive burden depletes emotional reserves and
turns ordinary operational exchanges into a source of chronic strain. A meta-analysis spanning two decades of
research confirms that experienced incivility is embedded in a broad network of antecedents, consequences,
and boundary conditions, and that its behavioral consequences include withdrawal and reduced contribution
(Han et al. 2022).

2.2 Incivility rarely stays contained between two individuals. Exposure to uncivil behavior can provoke reciprocal
incivility and an escalation spiral, and the relational structure of a team either buffers or amplifies these ex-
changes (Andersson & Pearson 1999). Rudeness can also propagate through social exposure in a contagion like
manner, so that even a single episode can shape the subsequent behavior of observers and third parties (Foulk
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et al. 2016). As mistreatment moves from managers to subordinates and then among peers, a localized norm
violation can establish a more hostile baseline that spreads through the team. A recent systematic review of
twenty four years of incivility research organizes these antecedents, mechanisms, and boundary conditions
and documents both the prevalence of the phenomenon and the fragmentation of prior evidence on how it
unfolds, which underscores the value of frameworks that make its dynamics explicit (Yaqoob et al. 2026).

2.3 The cumulative effect of these interactions is a potent occupational stressor. Targets report lower job satis-
faction, weaker organizational commitment, and elevated psychological distress, and as the toll mounts they
engage in self protective withdrawal that appears first as reduced discretionary effort and organizational cit-
izenship and, in time, as absenteeism and formal resignation (Han et al. 2022). Meta-analytic evidence links
incivility to heightened turnover intention across coworker, supervisor, and other sources (Namin et al. 2022).
The macro counterpart of this individual process is turnover contagion, for which recent empirical work finds
that voluntary departures are positively associated across successive periods, so that exits beget further ex-
its (Cui et al. 2026). Taken together, these findings connect the micro dynamics of interpersonal disrespect to
macro level deficits in productivity and workforce stability, which is the causal chain the present model is built
to trace.

Feedback, monitoring and learning after errors

2.4 Following an error, the managerial response functions as a social signal about organizational priorities, and
managers generally draw on one of three feedback regimes. Ignoring the error conveys an absence of oversight
or a tacit acceptance of substandard work, which may relieve immediate stress but forecloses the opportunity
to improve. Correction supplies constructive, task focused information aimed at the root cause and signals
an environment invested in development. Punishment penalizes the individual for the deviation and relies on
negative reinforcement to deter future failure (Hinkin & Schriesheim 2008).

2.5 These regimes diverge sharply in their consequences. Constructive correction supports learning by exposing
informational gaps and aligning worker action with the required standard, and where psychological safety is
preserved theworker uses the feedback to heighten caution and refine technique, producing ameasurable but
temporary reduction in the probability of subsequent error. When feedback is delivered punitively, its infor-
mational value is overshadowed by the threat it imposes, because harsh criticism or disciplinary action pro-
vokes defensive self protection rather than task mastery, and the resulting humiliation degrades self efficacy
andbreeds animosity toward themanager (Carson et al. 1991). The efficacyof any regime therefore dependson
the consistency of its application and the perceived legitimacy of the manager, since responses judged unfair
or arbitrary accelerate resentment and reduce the probability that genuine learning occurs.

2.6 This logic situates themodelwithin the errormanagement tradition, which distinguishes error prevention from
error management. Whereas prevention pursues the elimination of all deviation, error management accepts
the inevitability of human fallibility and treats mistakes as informational assets that expose latent system vul-
nerabilities (Van Dyck et al. 2005). Its cornerstone is psychological safety, the shared belief that the team is safe
for interpersonal risk taking, which recent syntheses position as a foundational condition for learning, voice,
and adaptive performance in complex interdependent work (Edmondson & Bransby 2023). Without it, work-
ers conceal mistakes to avoid punitive repercussions, which prevents the organization from addressing root
causes; with it, they disclose errors and seek assistance. The learning that follows correction is rarely a perma-
nent transformation of capability but a transient adaptation, in which theworker exhibits heightened vigilance
for a short window before cognitive fatigue returns performance to baseline (Hinkin & Schriesheim 2008).

2.7 Managerial monitoring is the structural mechanism through which organizations maintain visibility over op-
erations. High monitoring intensity captures the majority of deviations and, in principle, creates ample op-
portunity for correction, yet it simultaneously raises exposure to evaluation and alters the behavioral calculus
of workers operating under constant observation. While intended as support and quality control, excessive
monitoring often functions as a job demand in its own right, because the pressure of continuous surveillance
drawsdowncognitive resources, elevates stress, andaccelerates fatigue, degrading the veryperformance itwas
meant to protect (Bakker et al. 2023). Monitoring intensity thus behaves as amultiplier on the feedback regime.
Combinedwith constructive correction it drives continuous supportive adaptation and high team learning, but
combined with a punitive style it ensures that every minor deviation is caught and penalized, which rapidly
accelerates the accumulation of resentment.
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Resilience, resentment and withdrawal

2.8 Human performance is governed by finite cognitive and emotional resources. The continuous navigation of
complex tasks together with interpersonal stressors such as punitive feedback systematically depletes these
reserves, so that every negative interaction acts as a small extraction of resilience. Individuals recover from
isolated stressful events, but the chronic accumulation of negative experience without adequate recovery pro-
duces severe resource depletion. The job demands resources framework formalizes this balance: job demands
such as task complexity and punitive oversight draw down the worker, while job resources such as autonomy
and constructive feedback help achievework goals and stimulate growth, andwhendemands consistently out-
weigh resources theworker enters a health impairment process that culminates in burnout (Bakker et al. 2023).

2.9 As exhaustion deepens and resilience is consumed,withdrawal becomes increasingly likely, andwhen accumu-
lated resentment and strain breach the tolerance threshold of the individual the outcome is formal resignation.
If several workers reach their thresholds in close temporal proximity, the organization experiences cascading
turnover that strips the system of critical capacity, shifts an unsustainable workload onto the remaining staff,
and can precipitate total systemic collapse (Rudolph & Repenning 2002). This trajectory is not uniform across
the workforce. Workers do not possess identical reservoirs of resilience, nor do they interpret stressors identi-
cally, and individual differences in baseline tolerance, coping, and recoverymean that resentment accumulates
at variable speeds, a heterogeneity that is essential for reproducing realistic turnover patterns.

2.10 The resentment that drives this process is grounded in organizational justice and, in particular, in interactional
justice, the perceived fairness of the interpersonal treatment employees receive during organizational proce-
dures (Skarlicki & Folger 1997). Whenmanagers deliver feedback in a punitive, demeaning, or excessively harsh
manner, employees perceive a violation of interactional justice and respondwith protective and retaliatory be-
havior, including counterproductiveworkbehavior suchasdeliberate inefficiency, andultimatelywithexit once
the cost of remaining exceeds the benefit of the employment (Colquitt et al. 2001). This translation of injustice
into resignation is rarely the product of a single event. It is a threshold process in which resentment functions
as an internal counter that increments with each punitive interaction, each instance of incivility, and each un-
addressed error, and at the moment cumulative resentment exceeds the individual resilience threshold the
behavioral shift to withdrawal is sudden and near absolute.

Computational Foundations and the Present Contribution

Agent-basedmodeling and emergent organizational dynamics

3.1 Agent-based modeling offers a generative methodology for studying organizations as complex adaptive sys-
tems in which macro level outcomes emerge from repeated micro level interactions among heterogeneous
agents. Rather than representing an organization through an average worker operating under smooth func-
tional relationships, an agent-based model preserves discrete decision rules, local feedback, and interdepen-
dence, so that system level patterns arise from the interactions themselves rather than being imposed by as-
sumption. This property is decisive for the present problem, in which the object of interest is not a linear trend
but a qualitative regime shift such as abrupt failure, cascadingwithdrawal, or a collapse in productive capacity.
Simulation iswell suited to advancing organizational theory preciselywhen interaction effects, adaptation, and
endogenous feedback dominate the dynamics of interest (Harrison et al. 2007; Macy &Willer 2002), which is the
regime the present model is designed to represent.

3.2 These dynamics are characteristically nonlinear and path-dependent. Complexity oriented organization sci-
ence has long observed that small differences in local conditions can generate disproportionate differences in
outcomes, including punctuated shifts between stable and unstable regimes (Anderson 1999), and that once a
system crosses a tipping point, self-reinforcingmechanisms and increasing returns can lock in trajectories that
are difficult to reverse evenwhen superior alternatives were once available (Sydow et al. 2009). Computational
models of strategy reach a parallel conclusion, since local search on rugged fitness landscapes produces persis-
tent dependence on initial positions as early choices constrain which peaks remain reachable (Levinthal 1997).
A model of team viability under managerial pressure must therefore preserve the local conditions and history
that determine whether a team stabilizes or tips into decline.

3.3 This is where equation based approaches encounter difficulty, because they typically require continuous ap-
proximations and mean field assumptions that blur the individual heterogeneity on which threshold mecha-
nismsdepend. Thresholdmodels showthat theexactdistributionof individual thresholdscanproducemarkedly

JASSS, 29(4) 9, 2026 http://jasss.soc.surrey.ac.uk/29/4/9.html Doi: 10.18564/jasss.6297



different collective outcomes even when groups share similar means, so that macro averages are an unreli-
able guide to the micro mechanisms that generated them (Granovetter 1978). Network cascade models ex-
tend this insight by showing that large failures can be rare yet severe, triggered by small shocks that propagate
through local threshold dynamics rather than proportional response (Watts 2002), and classical segregation
models establish that macro structure can arise from mild individual preferences through iterative local ad-
justment (Schelling 1971). Together these results motivate treating organizational collapse as a sequence of
threshold breaches under heterogeneity, which is themechanism the present model formalizes through resig-
nation thresholds that depend on the depletion of individual resilience.

Short-term fixes, incivility, and psychological depletion

3.4 A substantial computational tradition documents performance traps, capability traps, and firefighting dynam-
ics in which locally rational decisions become globally self-defeating. System dynamics research shows that
decision makers misperceive feedback, respond to short-term pressure, and inadvertently amplify oscillation,
delay, and instability (Sterman 1989). The capability trap framework demonstrates how time pressure leads
actors to substitute quick fixes for fundamental improvement, yielding immediate reliefwhile eroding the long-
run capacity needed to prevent recurrence and sustaining a reinforcing cycle of underinvestment (Repenning
& Sterman 2002), and related work on firefighting in product development shows how reactive work allocation
crowds out learning and process improvement (Repenning 2001). This logic maps directly onto the present
model, in which punitive and high surveillance conditions can appear productive in the short run while gen-
erating the latent conditions for long-run collapse through the accumulation of resentment and subsequent
withdrawal.

3.5 The interpersonal side of the model rests on a parallel empirical literature. Incivility escalates through spi-
rals of reciprocation without requiring overt aggression as a starting condition (Andersson & Pearson 1999), is
widespread and meaningfully associated with withdrawal and distress, and is frequently instigated by more
powerful organizational actors (Cortina et al. 2001). Of particular importance for a computational treatment,
uncivil behavior can spread through social exposure in a contagion like manner, and this diffusion can follow
even single episodes to produce second order consequences for observers and third parties (Foulk et al. 2016).
These findings support representing incivility as a process inwhich local interactions alter the future behavioral
probabilities of the agents involved rather than as a static individual attribute.

3.6 These interpersonal mechanics connect to established processes of organizational justice and occupational
health. Perceptions of interpersonal fairness bear distinct relationships with withdrawal and with the evalua-
tion of authority, and the several dimensions of justice contribute incremental explanatory power beyond one
another (Colquitt et al. 2001). Occupational health models such as the job demands resources framework for-
malize how high demands and insufficient resources generate the exhaustion and disengagement that predict
reduced performance and withdrawal (Demerouti et al. 2001), and incivility in particular has been linked to
daily trajectories of stress and engagement that supervisor support can buffer (Beattie & Griffin 2014) and to
nonwork impairment such as disturbed sleep through rumination, moderated by recovery experiences (Dem-
sky et al. 2019). Taken together, these literatures justify a design that couples operational errors, managerial
responses, and agent level psychological resources within a single dynamic process rather than treating them
as separate domains.

Review scholarship, the present gap, and the contribution

3.7 Successive reviewsconfirmboth thematurationof agent-basedmodelingwithinmanagement researchand the
specific gap that the presentmodel addresses. Fioretti (2013) sets out themethodological case for agent-based
simulation in organization science, showing how reproducing the interactions among organizational members
in an artificial environment allowsdecisionmaking to bederived from individual behavior rather than assumed
at the aggregate. Wall (2016) surveys the use of agent-based modeling across managerial science and demon-
strates, throughan illustrative study, how theapproachapplies to coordination, control, anddecisionmaking in
firms. Gomez-Cruz et al. (2017) review 181 articles published between 2000 and 2016 and conclude that agent-
based simulation provides a rigorous framework for describing, explaining, and predicting organizational pro-
cesses, while noting a persistent demand for greater methodological transparency. Wu et al. (2024) extend this
stocktaking through aquarter century of bibliometricmapping covering 1998 to 2022, identifying four enduring
clusters, namely team behavior under complex environments, organizational structure and design, knowledge
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management, and organizational decisionmaking, and they likewise emphasize transparency ofmodel report-
ing as a central expectation of the field. The broader methodological principle, that simulation is appropriate
when interdependent behaviors and heterogeneous micro rules generate emergent outcomes that cannot be
derived analytically, is itself well established (Bonabeau 2002).

3.8 Two implications follow, and together they define the contribution of the present study. The recurrent call for
transparency is the reason the model is documented in full according to the ODD protocol, with its complete
parameterization and submodel specificationmade explicit, so that it can be reproduced and scrutinized. More
substantively, although team behavior and organizational decisionmaking are well established clusters within
the surveyed work, an integrated model that couples the operational mechanics of error generation to the in-
teractionalmechanics ofmanagerial response and resilience depletion, and that yields survival style outcomes
such as time to first resignation and time to collapse, remains comparatively rare. The sequential task struc-
ture with capacity spillover makes delayed consequences observable, because early managerial policy shapes
later capacity bottlenecks through endogenous resignations, providing a tractable micro foundation for the
central lesson of performance trap research that locally beneficial interventions can accumulate hidden strain
that later precipitates a sharp nonlinear breakdown (Repenning & Sterman 2002). The present model is thus
positioned within the team behavior and decision making clusters while extending them toward the explicit
representation of cultural erosion and workforce withdrawal.

Research Questions and Expected Contribution

4.1 This gap defines the questions the model is built to answer. The present research is organized around four
questions concerning the dynamic relationship betweenmanagerial oversight and the viability of awork team.

4.2 First, how does the interaction between monitoring intensity and the stylistic distribution of managerial re-
sponses determine the lifespan of the team? The simulation examineswhether intensivemonitoring combined
with a primarily corrective policy sustains a state of continuous learning, and conversely how rapidly intensive
monitoring combined with a punitive policy drives the system toward collapse.

4.3 Second, underwhat parameter configurations does an organization experience the illusion of success, inwhich
a punitive regime lowers error rates through immediate behavioral restriction while accumulating the invisible
resentment that produces severe turnover over the longer run?

4.4 Third, to what extent can high worker resilience substitute for active oversight? The model examines climates
of very lowmanagerial interference in order to determinewhether the autonomous self-noticemechanism can
sustain the learning loops that correction would otherwise provide.

4.5 Fourth, how sensitive is the time to collapse to exogenous factors such as task difficulty and workforce hetero-
geneity? By varying baseline mistake probabilities and the distribution of resilience thresholds, the research
isolates how heterogeneous teams degrade differently from homogeneous ones.

4.6 In addressing these questions the present research offers three contributions. First, it formalizes error gov-
ernance as a dynamic laboratory, rendering testable a class of management propositions that are difficult to
access through static empirical observation. Second, it establishes an explicit link between operational error
management and the study of workplace mistreatment, translating the psychological toll of incivility and in-
teractional injustice into a quantifiable resentment variable that competes directly with operational learning,
and thereby connecting literatures that are usually treated separately. Third, it advances the understanding of
organizational tipping points by exposing the accumulation of internal strain that precedes visible structural
failure, which clarifies why short-term punitive success can bemisleading.

Model Description – ODD Protocol

5.1 The simulationmodel is described below according to the Overview, Design concepts and Details (ODD) proto-
col for individual and agent-basedmodels (Grimm et al. 2020). Themodel is implemented in NetLogo 7.0.0. All
numerical values reported in this section correspond to the parameter settings used in the simulation experi-
ments, and the formal expressions referenced throughout are those presented in the submodel specification
(Equations 1-32).

5.2 Find the downloadable code, model and high resolution flowchart at Antonis Chatzipanagiotou (2026, August
31). “Emergent Collapse and Resilience in Sequential Task Networks” (Version 1.0.0). CoMSES Computational
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Model Library. Available at: https://www.comses.net/codebases/ae8a1f9c-26bf-433b-9775-473f69e
27b5e/releases/1.0.0/

Purpose and patterns

5.3 The purpose of the model is to examine how the managerial response to inevitable human error governs both
theoperational throughput and the long-termcultural viability of awork team. Themodel is designed to isolate
the mechanical loss of throughput produced by errors from the psychological and cultural consequences of
how a manager reacts to those errors, where the available reactions are ignoring, correcting and punishing.
A secondary purpose is to determine the conditions under which short-term error suppression coincides with
long-term workforce attrition, and to render the causal chain from the local manager to worker interaction up
to the macro level outcome of systemic collapse explicitly observable.

5.4 Themodel is considered useful to the extent that it reproduces a set of qualitative patterns drawn from the or-
ganizational literature: the emergence of sudden cascading turnover and tipping point dynamics rather than
smooth linear decline (Granovetter 1978; Rudolph & Repenning 2002); the divergence between short-term op-
erational performance and long-term sustainability under punitive oversight; and the heterogeneity of with-
drawal timing across agents with differing tolerance for negative interactions.

Entities, state variables and scales

5.5 The model contains three categories of entity: a population of worker agents, a single managerial oversight
entity and a global task environment.

5.6 Worker agents. Each worker i is characterized by the following state variables. The work capacity ui is a fixed
maximum quantity of effort that can be exerted per tick, assigned at initialization and not subsequently mod-
ified except that it is set to zero upon resignation (Equation 4). The baseline mistake probability pbasei takes
a value in the set {0.2, 0.5, 0.8} and represents the agent’s intrinsic propensity to commit an error on a given
work segment. The operative mistake probability pi(t) is the value actually in force at tick t, equal to the base-
line except during an active learning window, when it is reduced (Equations 19-21). The resilience thresholdRi

takes a value in the set {3, 5, 8} and represents the absolute number of resentment generating interactions the
agent can absorb before withdrawing. The resentment stock xi(t) is an integer counter initialized at zero that
accumulates over the run (Equation 22). The resignation status qi(t) is a binary indicator equal to one when
the agent has resigned and zero otherwise (Equation 23). A learning timer records the tick at which the current
learning window expires and thereby determines whether the agent is currently in a learning state (Equations
18 and 21). Eachworker also carries purely visual attributes, namely a fixed position on a circle and a shape and
color that change to red upon resignation. These visual attributes have no influence on the dynamics.

5.7 Managerial oversight entity. A singlemanager is definedby two global policy attributes that are held constant
within a run. Themanagement style takes one of three values, laissez-faire, corrective or punishing, and deter-
mines the probability distribution over reactions to a noticed error. The interference level takes one of three
values, absent, medium or keen-eye, and determines the probability that any given error is noticed. The man-
ager additionallymaintains a set of event counters that tally, across the run, the number of errors that were not
noticed, ignored, corrected and punished.

5.8 Task environment. The task environment consists of an ordered list ofK tasks thatmust be completed strictly
in sequence. Each task k carries a required number of workpointsWk, drawn at initialization. The environment
tracks the index of the current task c(t) and the remaining workpoints on that taskR(t) (Equations 1-3).

5.9 Scales. Time advances in discrete steps referred to as ticks. A single run continues until a stopping condition is
met (Equation 32) and has no fixed horizon. Themodel has no operative spatial scale: the circular arrangement
of workers is a visualization device only and does not mediate any interaction or proximity effect.

Process overview and scheduling

5.10 Within each tick the following actions are executed in order.

1. Learning expiration check. At the start of the tick, the learning timer of every activeworker is evaluated.
Anyworkerwhose learningwindowhasexpiredhas its operativemistakeprobability returned tobaseline;
any worker still inside its window retains the suppressed value (Equations 20 and 21).
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2. Effort application. The set of active workers is randomly shuffled to represent asynchronous effort, and
each active worker in turn applies effort to the current task in segments until its capacity for the tick is
exhausted or all tasks are completed. A segment is the smaller of the worker’s remaining capacity and
the remaining workpoints of the current task, and a single Bernoulli trial against the worker’s operative
mistake probability is resolved for each segment (Equation 8). A successful segment reduces the remain-
ing workpoints of the current task by the effort applied, whereas an unsuccessful segment consumes the
effort, produces no progress and registers an error event (Equations 9-12). Effort is consumed regardless
of success. If a task is completed while a worker retains unused capacity, the residual capacity spills over
directly into the subsequent task, where it constitutes a new segment and is subject to its own mistake
trial (Equation 5).

3. Managerial observation and response. All error events generated during the tick are processed as an
event list. For each error event, the manager notices the error with a probability determined by the in-
terference level (Equation 15). A noticed error is met with one reaction drawn from the style dependent
distribution over ignoring, correcting and punishing.

4. Psychological consequence. Acorrectiveor punishing reactionproduces exactly oneof twomutually ex-
clusive psychological outcomes, learning or resentment, with the probability of resentment determined
jointly by the reaction and the worker’s resilience (Equation 16). An error that is either not noticed or no-
ticed and ignored does not generate resentment, but instead opens a self-notice pathway in which the
worker may detect its own error with a probability determined by resilience (Equation 17).

5. Stateupdates. A learningoutcome,whether triggeredbymanagerial correctionorby self-notice, sets the
learning timer and suppresses the operative mistake probability for the duration of the window (Equa-
tions 18 and 19). A resentment outcome increments the resentment stock by one (Equation 22). Any
worker whose resentment stock reaches or exceeds its resilience threshold resigns immediately, where-
upon its capacity is set to zero and it ceases to participate in subsequent work (Equation 23).

6. Aggregation and termination. Aggregate climate and performance metrics are updated, the relevant
event times are recorded if their conditions are newly satisfied (Equations 27 and 28), and the stopping
conditions are evaluated (Equation 32). If no stopping condition is met, the tick counter advances.

Design concepts

5.11 Basic principles. The model integrates several established theoretical traditions. Error response is grounded
in error management culture and the informational value of mistakes (Van Dyck et al. 2005); the cost of puni-
tive reactions is grounded in workplace incivility and interactional justice (Andersson & Pearson 1999; Skarlicki
& Folger 1997); the translation of cumulative negative experience into withdrawal is grounded in the job de-
mands resources logic of resource depletion (Demerouti et al. 2001; Schaufeli & Taris 2014); and the macro
level collapse dynamics are grounded in threshold and cascade models of collective behavior and in disaster
and capability trap dynamics (Granovetter 1978; Watts 2002; Rudolph & Repenning 2002).

5.12 Emergence. Systemic collapse, cascading turnover and the timingof tippingpoints arenot imposedbyany rule
butemerge fromtheaccumulationof localmanager toworker interactionsacrossaworkforceofheterogeneous
thresholds. The relationshipbetween the imposedmanagerial policy and themacro level outcomes is therefore
the principal emergent property under study.

5.13 Adaptation.Worker agents donot optimize anddonot select amongalternative behaviors. Their only adaptive
responses are the transient suppression of mistake probability that follows a learning event and the terminal
withdrawal that follows the breach of the resilience threshold. Both responses are reactive consequences of
the worker's accumulated experience rather than the result of any deliberation.

5.14 Objectives. Agents possess no explicit objective function that they seek tomaximize. The withdrawal decision
is governed by a fixed threshold on accumulated resentment rather than by any utility calculation.

5.15 Learning. Learning is represented as a temporary reduction in the operativemistake probability following cor-
rective feedback or self-notice. The reduction follows a fixed step-down from the baseline tier, namely 0.8 re-
duces to 0.5, 0.5 reduces to 0.2 and 0.2 reduces to 0, and it persists for the worker's next two work ticks before
the operative probability reverts to baseline (Equations 18-21). A learning event that occurs while a worker is
already learning restarts the window from the baseline tier rather than compounding the reduction. Learning
therefore confers no permanent change in agent disposition.
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5.16 Prediction. Agents do not formpredictions about future states and do not anticipate the consequences of their
actions.

5.17 Sensing. The manager senses errors imperfectly, noticing any given error only with the detection probability
set by the interference level. Workers sense their own errors only through the self-notice pathway and only for
errors that the manager has not acted upon. Workers do not sense the internal states, resentment levels or
resignation status of other workers.

5.18 Interaction. The only interaction in themodel is the vertical exchange between themanager and an individual
worker following an error. There is no lateral, peer to peer interaction: resentment and learning accumulate
within each worker exclusively through its own interactions with the manager and its own self-notice events,
and no contagion of resentment or incivility passes between workers.

5.19 Stochasticity. Stochastic elements include the random assignment of task targets and worker traits at initial-
ization, the random shuffling of workers within each tick, the Bernoulli mistake trial on eachwork segment, the
detection of each error, the selection of the managerial reaction, the resolution of the learning versus resent-
ment outcome and the self-notice trial. To separate parametric effects from stochastic variation, each parame-
ter configuration is run across thirty independent random seeds.

5.20 Collectives. The work team is represented as an unstructured aggregate of independent workers. No sub-
groups, coalitions or formal network ties are defined among the workers.

5.21 Observation. The model records, at the level of the run and over time, cumulative throughput and efficiency
(Equations 11 and 13), cumulative errors and the error rate (Equations 12 and 14), the count and proportion
of resignations (Equations 24-26), the average and standard deviation of resentment among active workers
(Equation 30), the size of the active workforce (Equation 29), the tick of first resignation and the tick of col-
lapse (Equations 27 and 28) and the counts of learning events, withmanager induced learning and self-noticed
learning tallied separately so that the source of any behavioral adaptation can be identified.

Initialization

5.22 At the start of each run the task list is generatedbyfirstdrawingapoolof 45 task targets, eachan integer required
workpoint value drawn at random from the range 1 to 50, and then retaining the first K of them, where K is set
by the task difficulty condition: 15 tasks for the easy condition, 30 for themedium condition and 45 for the hard
condition. The tasks must be completed strictly in sequence.

5.23 A number of worker agents is then instantiated and arranged on a circle for visualization. In the experiments
reported here the capacity mode is fixed to normal, so each worker is assigned a fixed capacity ui drawn from
a normal distribution defined by the work unit mean and the work unit standard deviation, then constrained
to the interval from 0 to 10 and rounded to the nearest multiple of 0.25 (Equation 4). The baseline mistake
probability pbasei is assigned from the tiers {0.2, 0.5, 0.8} and the resilience thresholdRi from the tiers {3, 5, 8},
in each case according to the corresponding profile setting.

5.24 The profile settings govern the composition of the team rather than the trait of any single worker. A profile set
to uniform draws each worker’s tier independently and at random across the three tiers, producing a hetero-
geneous team with no target composition. A profile set to low, medium or high instead imposes a fixed 70, 20,
10 percent composition dominated by the named tier: the low profile assigns roughly 70 percent of workers to
the low tier, 20 percent to themiddle tier and 10 percent to the high tier; themediumprofile assigns roughly 70
percent to themiddle tier, 20 percent to the low tier and 10 percent to the high tier; and the high profile assigns
roughly 70 percent to the high tier, 20 percent to themiddle tier and 10 percent to the low tier. The percentages
are converted to integer worker counts by a largest remainder rule, and the workers are then assigned to tiers
at random, so that the realized compositionmatches the target proportions as closely as the team size permits.
The mistake profile and the resilience profile are set independently of one another.

5.25 Everyworker beginswith a resentment stock of zero, a resignation status of zero andnoactive learningwindow,
so that the operative mistake probability initially equals the baseline. The tick counter is set to zero.

5.26 The capacity mode and the trait assignment mode are themselves model settings rather than swept parame-
ters. The number of workers, the work unit mean and standard deviation, the mistake and resilience profiles,
themanagement style and the interference level constitute the experimental parameters of the simulation, and
their sweep levels are reported under Input data.
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Input data

5.27 The model does not use empirical input data or external time series to drive its dynamics. All quantities are
generated endogenously from the parameter settings and the stochastic processes described above.

5.28 Theexperimentaldesign is a full factorial sweepovereightparameters,witheachparameter configuration repli-
catedacross thirty independent randomseeds. Theeightparameters and their levels are themanagement style
(laissez-faire, corrective or punishing), the manager interference (absent, medium or keen-eye), the task diffi-
culty (easy,mediumorhard), themistakeprofile (uniform, low,mediumorhigh), the resilienceprofile (uniform,
low, medium or high), the number of workers (5, 10, 15, 20, 25 or 30), the work unit mean (4, 7 or 10) and the
work unit standard deviation (0.5, 1.5 or 2.5).

5.29 Worker capacity is drawn from a normal distribution parameterized by the work unit mean and standard devi-
ation, then constrained to the interval from 0 to 10 and rounded to the nearest multiple of 0.25, the capacity
mode having been fixed to normal for all reported runs. The model additionally exposes a broader interactive
configuration in which the capacity mode may instead be set to uniform and traits may be assigned manually,
but neither option is exercised in the experiments reported here.

5.30 The fixed quantitative settings of the behavioral submodels, which are held constant across the sweep, are as
follows. The detection probability by interference level is absent 0.25, medium 0.50 and keen-eye 0.75. The
reaction distribution by management style allocates probability 0.70 to the reaction that defines the style and
0.15 to each of the other two reactions: the laissez-faire style ignores with probability 0.70 and corrects or pun-
isheswith probability 0.15 each; the corrective style corrects with probability 0.70 and ignores or punisheswith
probability 0.15 each; and the punishing style punishes with probability 0.70 and ignores or corrects with prob-
ability 0.15 each.

5.31 The base resentment probability is 0.15 for a corrective reaction and 0.85 for a punishing reaction, each scaled
by the resilience factor (1 minus Ri divided by 10) and clamped to the interval from 0 to 1 (Equation 16). The
self-notice probability is 0.05 at resilience 3, 0.10 at resilience 5 and 0.20 at resilience 8 (Equation 17). A learning
event suppresses the operative mistake probability for the worker’s next two work ticks before it reverts to
baseline (Equations 18-21).

Submodels

5.32 Each task (k) has a required number of workpointsWk > 0. The remaining workpoints at time t for the current
task are denotedR(t). Themodel enforces strict sequentiality: task kmust be completed before task k+1 can
begin. Let the current task index be c(t). Then:

R(t) = Wc(t) − completed workpoints on task c(t) (1)

and the task advancement rule is

ifR(t) ≤ 0 then c(t)← c(t) + 1, R(t)←Wc(t) (2)

with termination condition

finished(t) = I [c(t) > K] equivalently I [tasks completed = K ∧R(t) = 0] (3)

Worker capacity and effort allocation

5.33 Each worker has a fixed work unit capacity (ui ≥ 0) drawn at initialization. Resigned workers contribute no
work. Let resignation status be (q(t) ∈ {0, 1}) where qi(t) = 1 indicates resigned. Then the available capacity
for worker i at tick t is

capi(t) = (1− qi(t)) ui (4)

5.34 Work is allocated in segments because tasksmay completemid tick and spillover is permitted. For eachworker
i and tick t, theworker repeatedly applies effort to the current task until either capacity is exhausted or all tasks
are finished. At any internal segment s, the amount of effort assigned is:

ai,s(t) = min
{︁
caplefti (t), R(t)

}︁
(5)
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where caplefti (t) is the remaining capacity for that worker within the tick and R(t) is remaining workpoints
on the current task at that moment. After each segment, capacity is reduced by ai,s(t) regardless of whether
progress occurred.

5.35 Themodel level potential work per tick is the sum of capacities of active workers:

PotentialWork(t) =
N∑︂
i=1

(1− qi(t)) ui (6)

5.36 Cumulative potential work is

PotentialWorkTotal(T ) =
T∑︂

t=0

PotentialWork(t) (7)

Mistake process and effective progress

5.37 Eachworker has a baselinemistake probability pbasei ∈ {0.2, 0.5, 0.8} assigned at initialization according to the
chosen profile distribution. Learning can temporarily reduce this probability, so the operative mistake proba-
bility is pi(t).

5.38 For each work segment ai,s(t), a Bernoulli trial determines whether the segment produces progress:

Mi,s(t) ∼ Bernoulli (pi(t)) (8)

where Mi,s(t) = 1 denotes a mistake. If a mistake occurs, the worker spends effort but contributes zero
progress on that segment. If no mistake occurs, the segment produces ai,s(t) progress and decreases the re-
maining workpoints.

5.39 Thus, progress on a segment is:
∆Pi,s(t) = (1−Mi,s(t)) ai,s(t) (9)

5.40 Total progress per tick is:

Progress(t) =
∑︂
i

∑︂
s

∆Pi,s(t) (10)

and cumulative progress is:

ProgressTotal(T ) =
T∑︂

t=0

Progress(t) (11)

5.41 Errors are counted per mistake event, not per workpoint. Let Ei(t) be errors made by worker i in tick t, equal
to the number of segments withMi,s(t) = 1. Total errors per tick and cumulative errors are:

TotalErrors(t) =
∑︂
i

Ei(t), TotalErrorsCum(T ) =

T∑︂
t=0

TotalErrors(t) (12)

5.42 These definitions yield the primary performance ratios used in analysis. Efficiency is defined as the fraction of
potential work converted into progress:

Efficiency(T ) =
ProgressTotal(T )

PotentialWorkTotal(T )
(13)

and the error rate is defined as errors per unit of potential work:

ErrorRate(T ) =
TotalErrorsCum(T )

PotentialWorkTotal(T )
(14)
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Manager observation and response

5.43 Everymistakeeventbecomesanelementof anevent list processedat theendof the tick. For eachmistakeevent
by worker i at tick t, the manager notices the error with probability n determined by manager interference:

n =

⎧⎨⎩0.25 absent
0.50 medium
0.75 keen eye

And
Zi,e(t) ∼ Bernoulli(n) (15)

whereZi,e(t) = 1 indicates the error was noticed.

5.44 IfZi,e(t) = 0, the event is classified as not noticed and triggers the no feedback pathway.

5.45 IfZi,e(t) = 1, the manager selects an actionAi,e(t) ∈ {ignore, corrective, punishing}. The action probabili-
ties depend onmanager style. Let r ∼ Uniform(0, 1). Then for laissez-faire:

P (ignore) = 0.70, P (corrective) = 0.15, P (punishing) = 0.15

5.46 For corrective style:

P (corrective) = 0.70, P (ignore) = 0.15, P (punishing) = 0.15

5.47 For punishing style:

P (punishing) = 0.70, P (ignore) = 0.15, P (corrective) = 0.15

5.48 This yields themanager response counts. Each error event increments exactly one of themanager event coun-
ters: not noticed, ignore, corrective, punishing.

Learning versus resentment as mutually exclusive outcomes

5.49 If the manager response is corrective or punishing, the event produces exactly one psychological outcome:
learning or resentment. The probability of resentment depends on both manager response and resilience.

5.50 Each worker has a resilience thresholdRi ∈ {3, 5, 8}. The model converts this to a resentment probability by
scaling abase rate by (1−Ri/10) and clamping into [0, 1]. Let the base resentment probabilities be bcorr = 0.15
for corrective and bpun = 0.85 for punishing. Then

πi,corr = clamp (bcorr (1−Ri/10) , 0, 1)
πi,pun = clamp (bpun (1−Ri/10) , 0, 1)

5.51 If the action is corrective, resentment occurs with probability πi,corr if the action is punishing, resentment oc-
curs with probability πi,pun. Define:

Yi,e(t) ∼ Bernoulli (πi,a) (16)

where a is the selected action and Yi,e(t) = 1means a resentment event. The mutual exclusivity rule is then:

Yi,e(t) = 1⇒ resentment increment, Yi,e(t) = 0⇒ learning trigger

Self-notice learning without feedback

5.52 When there is no manager feedback, meaning either the error is not noticed or it is noticed but ignored, the
worker may self-notice the mistake. The self-notice probability depends on resilience:

si =

⎧⎨⎩0.05 Ri = 3
0.10 Ri = 5
0.20 Ri = 8

JASSS, 29(4) 9, 2026 http://jasss.soc.surrey.ac.uk/29/4/9.html Doi: 10.18564/jasss.6297



and self-notice is:
Si,e(t) ∼ Bernoulli (si) (17)

5.53 If Si,e(t) = 1, the worker receives the same learning effect as manager triggered learning, but it is counted
separately frommanager induced learning totals. If Si,e(t) = 0, no learning is applied.

Learning effect dynamics

5.54 Learning is a temporary reduction in mistake probability for a fixed duration. Let the operative mistake prob-
ability be pi(t) and baseline be pibase. When learning occurs at tick t, the learning state is set to last until tick
t + 3 in the implementation, which corresponds to two subsequent ticks of active work after the current tick,
because the learning expiration is checked at the start of each tick. The model sets a timer:

Li = t+ 3 (18)

and updates mistake chance using a step-downmapping from baseline:

pi (t
+) = f

(︁
pbasei

)︁
(19)

where

f(p) =

⎧⎨⎩0.5 if 0.8 ≤ p ≤ 1.0
0.2 if 0.5 ≤ p < 0.8
0.0 if 0 ≤ p < 0.5

and at the start of any tick t,
if t ≥ Li then pi(t)← pbasei , Li ← 0 (20)

5.55 If a new learning event occurs before expiration, the timer resets, so learning duration extends forward from
themost recent trigger.

5.56 The “currently learning” state used in outputs is therefore:

LearningNow(t) =
∑︂
i

I (qi(t) = 0 ∧ Li > t) (21)

Resentment accumulation and resignation threshold

5.57 Each worker has a resentment stock xi(t) initialized at 0. Resentment events increment by 1:

xi (t
+) = xi(t) + 1 if a resentment event occurs (22)

5.58 Resignation occurs when resentment reaches resilience:

qi (t
+) = 1 if xi (t

+) ≥ Ri (23)

5.59 When resigned, the worker’s capacity becomes zero and the worker stops participating in work loops.

5.60 Themodel level resignation count per tick is:

ResignedThisTick(t) =
∑︂
i

I (qi(t) = 1 ∧ resigned tick = t) (24)

and cumulative resignation is:

ResignedTotal(t) =
∑︂
i

qi(t) (25)

5.61 The resignation proportion used in analysis is:

ResignProp(t) =
ResignedTotal(t)

N
(26)
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Survival and collapse event times

5.62 Two event times are tracked for survival style outcomes. The first resignation time is the first tick at which at
least one resignation has occurred:

Tfirst resign = min{t : ResignedTotal(t) > 0} (27)

with the convention that if no resignation occurs, the event is censored and the time is the run length.

5.63 Collapse is defined as the tick when at least half the workforce has resigned:

Tcollapse50 = min{t : ResignedTotal(t) ≥ N/2} (28)

again censored if never reached.

Aggregate climatemetrics

5.64 The active workforce count is:
ActiveWorkers(t) =

∑︂
i

(1− qi(t)) (29)

5.65 Average resentment among active workers is:

x(t) =

{︃ 1
ActiveWorkers(t)

∑︁
i:qi(t)=0 xi(t) if ActiveWorkers(t) > 0

0 otherwise.
(30)

5.66 The standard deviation of resentment among active workers is computed only if at least two active workers
exist, otherwise it is defined as 0 for numerical stability.

5.67 Baseline team capacity is the sum of work units at initialization:

BaselineTeamCapacity =
N∑︂
i=1

ui (31)

Stopping conditions

5.68 A run stops if all tasks are completed, if no active workers remain, or if there is no possible work because all
remaining active workers have ui = 0. Formally, withU(t) = {I : qi(t) = 0},

stop if c(t) > K or |U(t)| = 0 or
∑︂

i∈U(t)

ui = 0. (32)

Results

6.1 A note on the analysis is required before the results are presented. The number of independent simulation
runs in an agent-based study is a design decision rather than a property of observed data, and it must be deter-
mined deliberately, since the number of replications governs both the precision of the resulting estimates and
the power of any comparison drawn from them (Lee et al. 2015; Secchi & Seri 2017). The design adopted here
is a full factorial sweep in which every parameter configuration is replicated across thirty independent random
seeds, and the adequacy of that replication is assessed directly in the seed robustness analysis reported be-
low, where the coefficient of variation across seeds is used to establish that the reported outcomes are stable
properties of each configuration rather than artifacts of stochastic initialization. A consequence of this design
is that the total number of observations entering any aggregate comparison is large. Because the p-value of a
significance test depends on both the size of an effect and the size of the sample, at this scale even a negligi-
ble difference will register as statistically significant, and the very large F statistics reported below reflect the
number of replications rather than the importance of the effects (White et al. 2014; Lin et al. 2013). Significance
tests and their associated statistics are therefore reported in the tables for completeness and for comparability
with conventional practice, but they are not treated as evidence for the substantive claims. Interpretation rests
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instead on the magnitude of effects, expressed through the partial η2 statistic as the proportion of variance
attributable to each factor, and on the practical size of the descriptive differences between conditions, read
against the mechanisms of the model.

Operational efficiency and error dynamics

6.2 The interaction betweenmanagerial style andmonitoring intensity shapes systemic efficiency and error rates,
although its influence on raw throughput ismodest and its principal consequences appear elsewhere. Manage-
rial style accounts for only a small share of the variance in total task completion (η2p = 0.011), and monitoring
intensity for a smaller share still (η2p = 0.003), so that in terms of gross output the four style conditions are only
weakly differentiated. As the following analyses show, the decisive effects of managerial policy emerge not in
operational throughput but in the cultural and survival outcomes of the team. Table 1 reports the descriptive
statistics for the core operational and cultural variables by managerial style.

Table 1: Descriptive statistics by managerial style.
Managerial Tasks Total Error Average Resignation Self-noticed
Style Completed Mean Resentment Mean Error Mean

Mean

Laissez-faire 29.97 133.56 0.33 0.21 12.58
Corrective 29.95 112.04 0.40 0.31 7.41
Punishing 29.55 113.13 0.80 1.59 7.71

6.3 The laissez-faire and corrective styles yield similarly highmeans for tasks completed, while the punishing style
shows a visible reduction in operational throughput. The more consequential divergence, however, concerns
the quality of the output and the cultural cost of producing it. Table 2 reports the variance analyses for these
operationalmetrics; consistentwith thenoteabove, the interpretationof theseanalyses rests on themagnitude
of each effect rather than on statistical significance, which is expected here given the number of runs.

Table 2: Analysis of variance for systemic outcomes.
Dependent Source df F Statistic p Value Partial Eta
Variable Squared

Tasks Completed Manager Style 2 1499.12 p < 0.001 0.011
Tasks Completed Manager Interference 2 439.73 p < 0.001 0.003

Total Errors Manager Style 2 5068.06 p < 0.001 0.038
Total Errors Manager Interference 2 4900.62 p < 0.001 0.037

Resigned Total Manager Style 2 39208.72 p < 0.001 0.238
Resigned Total Manager Interference 2 12081.82 p < 0.001 0.088

Self-Noticed Manager Style 2 24912.58 p < 0.001 0.166
Self-Noticed Manager Interference 2 25348.98 p < 0.001 0.168

Learn Total Manager Style 2 68760.12 p < 0.001 0.354
Throughput Manager Style 2 534.20 p < 0.001 0.004

6.4 Theheatmapofmeanefficiency (Figure 1) shows that thehighest grossoutput is achievedunder keen-eyemon-
itoring combinedwith either a punishing or a corrective policy, whereas laissez-fairemanagement with absent
monitoring yields the lowest systemic efficiency. To confirm that parametric assumptions did not drive these
patterns, the comparisons were repeated using nonparametric Kruskal Wallis tests (Table 3). The rank based
results reproduce the same ordering of managerial styles across the primary dependent variables, indicating
that the observed pattern is not an artifact of distributional assumptions.
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Figure 1: Mean efficiency.

Table 3: Robustness checks using nonparametric Kruskal Wallis tests.
Dependent Factor N Kruskal df p Value Epsilon
Variable Wallis H Squared

Tasks Completed Manager Style 200000 72.20 2 p < 0.001 0.0003

Total Errors Manager Style 200000 1676.52 2 p < 0.001 0.0083

Resigned Total Manager Style 200000 32834.97 2 p < 0.001 0.1641

6.5 The error rate heatmap (Figure 2) shows that the corrective style under keen-eye monitoring suppresses the
mean error rate to its lowest value within the parameter sweep, while the punishing style maintains a higher
error rate under identical surveillance, and laissez-faire management with absent monitoring allows the error
rate to rise as the workforce fails to adapt. Assessed on its own, managerial style accounts for only a small
share of the variance in cumulative errors, a point developed in the full decomposition below; its operational
advantage under correction is real but works largely through the learning mechanism rather than through a
large direct effect on the error count.
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Figure 2: Mean error rate.

6.6 The exact counts of simulation runs across efficiency and error rate bins (Figure 3) show a dense clustering of
outcomes. Most iterations gather at moderate efficiency with low error rates, while divergent trails appear at
the extremes, reflecting the performance tradeoffs associated with the managerial framework.

Figure 3: Runs per cell exact counts.
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The cultural cost and resentment accumulation

6.7 The operational advantage of the punishing style becomes questionable once the cultural variables govern-
ing resentment and adaptation are examined. As shown in Table 1, the punishing style produces an average
resentment score of 0.80, twice the level observed under the corrective style.

6.8 The Spearman correlationmatrix (Figure 4) provides amacro level overviewof the associations among the sim-
ulated variables. It shows a strong positive association among punitive feedback, the accumulation of average
resentment, and the eventual volume of resignations. Average resentment is in turn strongly negatively asso-
ciated with the active worker count, the survival time of the team in ticks, and the total tasks completed.

Figure 4: Spearman correlation subsample.

6.9 The matrix also shows a strong positive association between the use of corrective feedback and total learning
events, which is consistent with the effect of managerial style on total learning reported in Table 2. Environ-
ments with absent monitoring instead required workers to rely on autonomous correction, so that lower mon-
itoring is associated with a higher number of self-noticed errors, indicating that reduced oversight shifts the
burden of quality control onto the workforce.

6.10 The average resentment heatmap (Figure 5) summarizes the cultural cost of oversight. A punishing style com-
bined with keen-eye monitoring produces the highest average resentment across the workforce, whereas a
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laissez-faire approach with absent monitoring maintains the lowest, though earlier analyses show that this
comes at the expense of operational efficiency. The corrective style occupies a sustainable middle position,
suppressingerrors throughactive learningwithoutdriving resentment to the levels reachedunderpunishment.

Figure 5: Average resentment andmanager behavior.

Workforce sustainability and systemic collapse

6.11 The viability of each simulated organization is ultimately determined less by short-termefficiency than by long-
term survival and the retention of labor capacity. As shown in Table 1, the punishing style yields an average of
1.59 resignations per run, well above both the corrective style at 0.31 and the laissez-faire style at 0.21. The
ordering of the latter two is itself informative: corrective management, despite producing the lower error rate,
generates somewhat more attrition than laissez-faire, because active correction still carries a residual risk of
breeding resentment whereas a manager who ignores most errors imposes little interpersonal cost. The de-
cisive separation is therefore not between engagement and disengagement but between punitive and non-
punitive engagement, with only the punishing style raising resignations to a level that threatens the team.

6.12 Survival analysis using KaplanMeier estimates for the time to first resignation (Figure 6) shows that punitive en-
vironments experience their first departure earlier than environments using corrective or laissez-faire policies.
The estimated survival probability for the first resignation falls steeply for the punishing stylewithin the earliest
time bins. This early capacity loss initiates a cascade that reshapes the team, shifting work onto the remaining
members and exposing them to higher fatigue.
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Figure 6: Kaplan Meier first resignation by manager style.

6.13 This early attrition feeds directly into systemic failure, as shown by the Kaplan Meier curves for total organiza-
tional collapse (Figure7). Thepunishing style reachescollapsemarkedly sooner,with survivalprobability falling
steeply, while the corrective and laissez-faire approaches sustain operational viability considerably longer into
the task sequence.

Figure 7: Kaplan Meier collapse by manager style.

6.14 The mean resignation proportion heatmap (Figure 8) locates this attrition, showing that the punishing style
under keen-eye monitoring produces the highest resignation proportion in the sweep.
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Figure 8: Mean proportion resignation.

6.15 Consequently, the collapse probability heatmap (Figure 9) shows that this parameter configuration yields the
highest failure rate of any modeled configuration, with a collapse probability of 0.15. The risk rises monoton-
ically with surveillance under the punishing style, climbing from 0.04 under absent monitoring to 0.10 under
medium and 0.15 under keen-eye. The contrast with the other styles is pronounced: corrective and laissez-
faire management under keen-eye monitoring yield collapse probabilities of only 0.03 and 0.02 respectively,
and both sit near zero under absentmonitoring. Themost intensivemonitoring therefore produces the highest
collapse risk under punishment and a negligible one under correction.

Figure 9: Collapse probability.

6.16 These patterns are consistent with the theoretical proposition that short-term operational extraction through
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punitive monitoring contributes to long-term structural collapse (Rudolph & Repenning 2002). The nonpara-
metric chi square test of independence in Table 4 indicates an association amongmanagerial action, workforce
resilience profile, and terminal collapse; as with the other significance tests, this is reported for completeness,
and the substantive weight of the relationship is carried by the effect sizes and collapse probabilities reported
above.

Table 4: Chi Square analysis of systemic collapse.
Binary Outcome Factor Chi Square df p Value Cramer’s V

Collapse Manager Style 28013.67 2 p < 0.001 0.200

Collapse Manager Interference 8079.68 2 p < 0.001 0.107

Collapse Resilience Profile 18658.54 2 p < 0.001 0.163

Sensitivity to workload andworkforce heterogeneity

6.17 The final phase of the analysis evaluates the sensitivity of the organizational system to exogenous pressures,
specifically varying task difficulty and the resilience profile of the workforce. Table 5 presents the descriptive
statistics for these specific conditions.

Table 5: Descriptive statistics by task difficulty and resilience profile.
Category Level Tasks Completed Total Errors Mean Resignations

Mean Mean

Task Difficulty Easy 14.98 63.02 0.23
Task Difficulty Medium 29.87 121.68 0.69
Task Difficulty Hard 44.61 174.04 1.19

Resilience Profile Low 29.53 121.03 1.36
Resilience Profile Medium 29.85 121.31 0.56
Resilience Profile High 29.99 116.31 0.24
Resilience Profile Uniform 29.92 119.66 0.66

6.18 As task difficulty scales from easy to hard, mean total errors rise from 63.02 to 174.04 and mean resignations
from 0.23 to 1.19. In the factorial analysis of variance (Table 6), task difficulty is the dominant influence on total
errors, accounting for close tohalf of the variance (η2p=0.462), andhas a smaller but appreciable effect on total
resignations (η2p = 0.110); the corresponding F statistics are extremely large, but, as noted above, this reflects
the number of runs rather than the importance of the effect.

Table 6: Analysis of variance for exogenous variables.
Dependent Source df F Statistic p Value Partial Eta
Variable Squared

Tasks Completed Task Difficulty 2 5411503.36 p < 0.001 0.977
Total Errors Task Difficulty 2 107330.41 p < 0.001 0.462
Resigned Total Task Difficulty 2 15600.08 p < 0.001 0.110

Tasks Completed Resilience Profile 3 777.50 p < 0.001 0.009
Total Errors Resilience Profile 3 129.09 p < 0.001 0.001
Resigned Total Resilience Profile 3 11066.96 p < 0.001 0.117

6.19 Workforce heterogeneity matters for turnover through the resilience profile of the agents. A low resilience pro-
file yields the highestmean resignations at 1.36, whereas a high resilience profile reducesmean resignations to
0.24, and the resilienceprofile accounts for a shareof the variance in total resignations (η2p=0.117) comparable
to that explained by task difficulty. Its effect on total errors, by contrast, is negligible (η2p = 0.001), indicating
that psychological tolerance governs withdrawal behavior rather than mechanical accuracy. Workload there-
fore dictates the raw frequency of operational failures, while the heterogeneous psychological capital of the
workforce dictates whether those failures translate into systemic collapse.
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Parameter importance across the full sweep

6.20 The sensitivity analysis extends the factorial design to all eight sweep parameters simultaneously, including
workforce size, workload distribution, and agent error propensity, and yields a hierarchical account of parame-
ter influence across each primary outcome. The partial η2 heatmap (Figure 10) consolidates these importance
estimates into a single map, showing that the dominant sources of systemic variance lie as much in the struc-
tural properties of the task environment as in the managerial policies imposed upon it.

Figure 10: Partial η2 by parameter× outcome.

6.21 Readacross the full set of outcomes, the samedecompositionmakes theoutcome specificity of eachparameter
explicit. Themistakeprofile is the largest single contributor to total errors, with apartialη2 of 0.346 that exceeds
every other parameter and outcome combination in the sweep, while the elevation of workforce size for the
timing of first resignation indicates that team size governs the pace of attrition through a mechanism largely
separate from the cultural andmanagerial forces that shape the other outcomes.

6.22 For total errors, the mistake profile of the workforce is the largest contributor across the full parameter sweep,
registering a partial η2 of 0.346, a value that exceeds the combinedmanagerial contributions and indicates that
agent-level error propensity is the primary mechanical driver of operational failure. Task difficulty follows as
the second largest contributor (η2p = 0.261), consistent with the conclusion established earlier, that the struc-
tural complexity of the assignment environment governs the raw frequency of cumulative failures. The work
unit mean exerts a meaningful independent effect on total errors (η2p = 0.132), indicating that the baseline
volume of work arriving per unit time functions as a secondary structural driver of error accumulation beyond
agent and task characteristics. By contrast, managerial style and monitoring intensity each register modest
one-way effects on total errors (η2p = 0.012 and 0.012 respectively) when assessed independently against this
full parametric landscape, an observation that does not diminish their importance but contextualizes it: the
contribution of managerial policy to error accumulation is interactive rather than additive, operating through
the mechanisms of resentment, attrition, and cognitive burden shift documented in the preceding analyses.

6.23 The parameter ranking shifts substantially when the outcome of interest moves to cultural and structural out-
comes. For the resigned total and the binary resignation probability, managerial style is again the leading con-
tributor (η2p = 0.133 and 0.141 respectively), indicating that resignation dynamics are governedmore by man-
agerial policy than by the structural parameters of the task environment. For average resentment, workforce
size emerges as the leading independent determinant (η2p = 0.142), marginally exceeding the effect of man-
agerial style (η2p = 0.126), indicating that team density modulates the accumulation of resentment through
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mechanisms that extendbeyond themanagerial regime. For systemic collapse timing,managerial style is again
the dominant contributor (η2p = 0.181), indicating that it is the leading determinant of long-run organizational
viability within the model. The time to first resignation is most strongly predicted by the number of workers
(η2p = 0.275), indicating that larger teams possess greater absorptive capacity against early attrition events,
independent of the managerial policy applied.

Surrogatemodel validation of the parameter hierarchy

6.24 To examine the variance decomposition findings under weaker assumptions, and to capture nonlinear contri-
butions that linear η2 statistics may obscure, a Random Forest surrogate model was fitted to each outcome
variable separately, and permutation importance estimates were extracted to quantify the relative explanatory
contribution of each input parameter under amodel-free nonparametric framework (Figure 11). The surrogate
models achieved cross-validated R2 values of 0.912 for total errors, 0.801 for resigned total, 0.645 for average
resentment, 0.633 for time to first resignation, and 0.558 for collapse timing, indicating that the parameter set
accounts formost of the variance in these outcomes. The convergence of the nonlinear surrogate rankingswith
the partial η2 hierarchy suggests that the leading relationships observed in the simulation are not artifacts of
the functional form assumed by the variance decomposition.

Figure 11: Surrogate model permutation importance.

6.25 For total errors, the mistake profile emerges once again as the leading nonlinear driver with a permutation
importance of 0.900, followed by task difficulty at 0.696 and work unit mean at 0.383. The high R2 of the sur-
rogate model for this outcome indicates that cumulative error counts are close to deterministic functions of
the structural parameters, leaving little residual variance attributable to seed-level randomness. For resigned
total, managerial style is the leading contributor to nonlinear feature importance at 0.805, a value more than
57% larger than the next contributor, mistake profile, at 0.512. This gap indicates that resignation dynamics in
themodel are governedmore bymanagerial policy than by the structural parameters, which is consistent with
the theoretical claim that punitive organizational policies are a principal mechanism of workforce destabiliza-
tion. For average resentment, the number of workers generates the highest permutation importance at 0.530,
followed bymanager style at 0.442, indicating that teamdensity amplifies the accumulation of resentment. For
collapse timing, managerial style registers the highest permutation importance at 0.463, with resilience profile
at 0.302 as the most influential workforce characteristic, indicating that while team size and workload param-
eters influence the trajectory, the governing managerial policy and the psychological capital of the workforce
are the principal determinants of the terminal survival windowwithin the model.

Seed robustness and simulation stability

6.26 An important prerequisite for drawing substantive organizational inferences from agent-based simulation data
is thedemonstration that observedoutcomes represent stable properties of theparameter configuration rather
than artifacts of stochastic initialization. The coefficient of variation distributions, computed across the thirty
independent seeds per unique parameter configuration, quantify the degree towhich simulation outcomes are
reproducible under parametric control (Figure 12).
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Figure 12: Seed-to-seed variability.

6.27 The total error count shows high reproducibility, with the modal coefficient of variation clustering tightly be-
tween 0.10 and 0.20, indicating that the cumulative error count is a stable behavioral signature of any given pa-
rameter configuration. Average resentment exhibits the tightest seed-to-seed variability of all outcomes, with
the greatmajority of configurations yielding near-zero CV values, indicating that the resentment equilibrium of
the team is close to a deterministic function of the parameter inputs. By contrast, the resigned total displays
the broadest seed-level dispersion, with a substantial proportion of configurations yielding CV values exceed-
ing 0.50, reflecting the stochastic and cascade-prone character of the attrition process, in which a single early
departure triggers a chain of events whose precise unfolding is sensitive to stochastic variation while the even-
tual outcome remains parametrically governed. The time-to-event outcomes for first resignation and organiza-
tional collapse exhibit moderate seed-to-seed variability concentrated between 0.20 and 0.60, indicating that
while the eventual occurrence of these events is governed by the parameter configuration, the precise timing
retains ameaningful stochastic component attributable to emergent cascade dynamics. Taken together, these
robustness characteristics indicate that the primary inferences drawn from themanagerial analysis are not sen-
sitive to the specific random seed employed, and that the thirty-seed design provides adequate coverage of the
stochastic outcome space for all primary dependent variables.

Interaction sensitivity and combinatorial risk

6.28 The formal quantification of pairwise interaction strengths, measured as the standard deviation of the additive
interaction residual across all cell combinations, establishes a hierarchy of combinatorial risk. The most pro-
nounced interactions on systemic collapse timing are generated by themanager style× resilience profile com-
bination (interaction SD = 64.36) and themanager style×manager interference combination (interaction SD =
13.10), indicating that the consequences of punishingmanagement are amplified when workforce resilience is
lowandmonitoring is intense. For total errors, themistakeprofile×manager interference interactionproduces
the highest interaction strength (SD = 6.42), followed by the manager style× task difficulty combination (SD =
5.03), indicating that raw error accumulation is most sensitive to the joint escalation of agent error propensity
and task complexity rather than to any single parameter in isolation.

6.29 The cell-mean heatmap for total errors under the manager style× task difficulty interaction (Figure 13) shows
that the laissez-faire approach combined with hard task difficulty generates the highest absolute mean error
count across all modeled configurations at 196.2, a value that exceeds the hard-difficulty means of both the
corrective (163.6) and punishing (162.4) styles by a substantial margin. Notably, the corrective and punishing
styles both suppress raw error accumulation relative to laissez-faire under maximal task load, indicating that
active managerial engagement of either character attenuates error generation when the work environment is
most demanding. The interaction on resigned total under the same parameter combination (Figure 14) shows
the inverse pattern: the punishing style under hard task conditions drives mean resignations to 2.6, a value
more than four times that produced by either corrective or laissez-faire management under identical environ-
mental stress. This interaction is consistent with the theoretical proposition that punishing regimes are most
damaging precisely when the workforce requires the greatest support, with task-induced pressure functioning
as a multiplier for the attrition consequences of punitive management.
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Figure 13: Mean total errors + manager style× task difficulty.

Figure 14: Mean resigned total + manager style× task difficulty.

6.30 Themean resigned total under themanager style×manager interference interaction (Figure15) further isolates
the combinatorial configuration that generates maximal workforce attrition: a punishing style combined with
keen-eye monitoring produces a mean resigned total of 2.5, the highest value observed across every parame-
ter combination in the full sweep. Even within the punishing regime, absent monitoring attenuates this effect,
reducing the mean to 0.7, indicating that the greatest attrition observed in the sweep requires the simultane-
ous activation of punitive policy and intensive surveillance. The corresponding heatmap for total errors under
the same interaction (Figure 16) shows that keen-eyemonitoring combinedwith either corrective or punishing
management suppresses errors to theirminimumacross all configurations, with the two styles achievingmean
error counts of 99.2 and 99.5 respectively under keen-eye conditions, against 126.2 under laissez-fairemanage-
ment, a finding that illustrates the central tension of organizational control: the monitoring intensity required
tominimize errors is precisely the configuration thatmaximizes resignationswhen it is combinedwith punitive
policy.
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Figure 15: Mean resigned total + manager style×manager interference.

Figure 16: Mean total errors + manager style×manager interference.

6.31 The top-decile error risk analysis (Figure 17) quantifies theprobability of entering theworst 10%of the error dis-
tribution, stratified by individual parameter level. The hard task difficulty level generates a risk approximately
double the 10% baseline threshold, indicating that it is the strongest single-parameter pathway to severe op-
erational degradation. Among workforce characteristics, a highmistake profile produces a risk exceeding 0.30,
indicating that it is the strongest agent-level driver of worst-case operational outcomes. Among managerial
parameters, the laissez-faire style marginally exceeds the baseline threshold, while the corrective and punish-
ing styles display nearly identical and modestly lower top-decile risks, reinforcing the finding that raw error
outcomes aremore sensitive to structural than tomanagerial parameters when assessed at the tails of the dis-
tribution.

JASSS, 29(4) 9, 2026 http://jasss.soc.surrey.ac.uk/29/4/9.html Doi: 10.18564/jasss.6297



Figure 17: Top-decile error risk by parameter level.

Composite objective stability across stakeholder scenarios

6.32 The final sensitivity analysis evaluates whether the organizational rankings produced by the simulation are
robust to the value assumptions of the stakeholder performing the assessment. Three weighting scenarios
were applied to a composite harm index aggregating total errors, resignations, average resentment, and or-
ganizational collapse probability: an error-focused scenario assigning 60% weight to operational accuracy, a
retention-focused scenario assigning 60%weight toworkforce continuity, and a balanced scenario distributing
equal 25%weight across all four outcomes.

6.33 As shown in Figure 18, the punishingmanagement style ranks as themost harmful configuration under all three
stakeholder scenarios, registering composite harm scores of 0.097, 0.094, and 0.079 under the error-focused,
balanced, and retention-focused weightings respectively. The corrective style ranks first under both the bal-
anced (0.048) and error-focused (0.073) scenarios, indicating that it is the preferred policy when either accu-
racyor overall organizationalwelfare is theprimary evaluative criterion. The laissez-faire style claims the lowest
composite harmexclusively under the retention-focused scenario (0.028), reflecting its documented advantage
in minimizing resignations at the direct cost of error accumulation. The ranking of punishing management as
third across all three scenarios, without a single configuration inwhich it approaches competitive performance,
indicates that the punishing policy is the most harmful option across the full space of stakeholder value func-
tions considered here, and not merely under assumptions favorable to its alternatives.

Figure 18: Composite harm score by manager style.
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Conclusion

7.1 The present simulation indicates that the organizational consequences of managerial feedback policy are not
merely attitudinal but structural, and thatwithin themodel theyaredifficult to reverseonceunderway. Byoper-
ationalizing themoment of error as the trigger for managerial interaction, the agent-based framework renders
the causal chain from a local interpersonal response to macro level systemic collapse fully observable, captur-
ing the emergent regime shifts and cascades of withdrawal that aggregate averages cannot recover (Harrison
et al. 2007; Macy & Willer 2002). The central proposition animating the research, that short-term operational
extraction through punitive monitoring contributes to long-term structural collapse, is supported across the
analyses. The punishing style does not merely perform slightly worse than its alternatives; it produces a cat-
egorically different organizational regime, marked by the earliest first resignations and a collapse probability
of 0.15, at least 1.5 times that of any other configuration. This early capacity loss is self-reinforcing rather than
recoverable, since once attrition removes workers the heightened load on those who remain accelerates the
next departure, a path-dependent lock-in consistent with the disaster and capability trap dynamics of Rudolph
& Repenning (2002) and the irreversibility logic of Sydow et al. (2009) and Levinthal (1997).

7.2 Themost consequential finding is the paradox ofmonitoring intensity. The very surveillance configuration that
drives errors to their minimum, keen-eye monitoring, simultaneously produces the maximum workforce at-
trition and the highest collapse risk once it is paired with a punishing policy. Intensive oversight is therefore
neither protective nor corrosive in itself; its effect is entirely contingent on the feedback regime it activates,
functioning as an organizational resource under correction and as an accelerant of deterioration under pun-
ishment (Demerouti et al. 2001; Schaufeli & Taris 2014). This is the mechanism through which an organization
can undermine itself while believing it is operating optimally, watching its error metrics improve even as the
conditions for cascading turnover accumulate unseen, and it gives computational form to the incivility and
withdrawal dynamics documented by Cortina et al. (2001) and Foulk et al. (2016).

7.3 The full sensitivity analysis sharpens this into a practical distinction that holds across the entire parameter
space. The raw frequency of errors is governed overwhelmingly by structural factors, themistake propensity of
the workforce and the difficulty of the task, while the translation of those errors into resentment, resignation
and collapse is governed by managerial policy. The two findings are robust rather than incidental: a model-
free surrogate analysis reproduces the same hierarchy that the variance decomposition identifies, the rankings
are stable across thirty independent seeds, and a composite harm index ranks the punishing style as the most
damaging configuration under every stakeholder weighting without exception, whether an organization val-
ues accuracy, retention or a balance of the two. The superiority of corrective management is therefore not an
artifact of how organizational success is defined.

7.4 These results give quantitative expression to the theoretical architecture the paper set out to integrate, demon-
strating that interactional injustice accumulates as a genuine threshold process (Skarlicki & Folger 1997; Gra-
novetter 1978), that the informational value of active correction is operationally real since corrective environ-
ments achieve lower error rates than laissez-faire ones (Van Dyck et al. 2005), and that monitoring behaves as
a job demand whose consequences depend on the resources accompanying it (Schaufeli & Taris 2014). In uni-
fying the operational mechanics of task completion with the social dynamics of workplace mistreatment, the
model turns a set of previously separate literatures into a single, observable causal system.

7.5 The practical lesson is therefore a dual one, and it is the paper’s central contribution. Error reduction and orga-
nizational survival are not the sameproblemanddonot share a solution: errors are reduced throughworkforce
composition and task design, whereas survival is secured throughmanagerial policy. An organization that pur-
sues the first through punitive surveillance purchases a visible improvement in its error metrics at the hidden
cost of theworkforce itself, optimizing precisely the indicator thatmasks its own collapse. Recognizing that the
leverwhich suppresses the symptom is the very lever that produces the failure is the first step towardmanaging
organizations for endurance rather than for the appearance of control.

Limitations

7.6 The present study operates within the inherent constraints of the agent-based methodology. The behavioral
rules governing agent responses tomanagerial feedback, although grounded in established psychological the-
ory, are deliberate simplifications of the continuous and context dependent dynamics of real organizational
life. The model assigns fixed error probabilities that are modified by learning and resentment states but does
not represent the full cognitive complexity of human performance under threat, and the resentment accumu-
lation process is specified as a linear increment, whereas the relationship between negative experience and
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behavioral outcome may be nonlinear, with accelerating returns and individual specific functional forms that
a uniform threshold model does not capture (Schaufeli & Taris 2014). These choices purchase tractability and
transparency at the cost of psychological realism.

7.7 A more specific limitation concerns the exclusively vertical structure of interaction in the model. Incivility and
resentment flowonly frommanager toworker, there is no channel forworker toworker influence, and theman-
ager is the sole source of interpersonal mistreatment. Three empirically documented horizontal mechanisms
are therefore absent. The first is the incivility spiral, in which exposure to rudeness prompts reciprocation and
can spread to observers and third parties, so that a localized episode establishes amore hostile baseline across
the team (Andersson & Pearson 1999; Foulk et al. 2016). The second is peer social support, which buffers the
effect of stressors and could slow the accumulation of resentment or delay withdrawal, and which the present
design cannot express (Beattie & Griffin 2014). The third is turnover contagion, in which each departure raises
the likelihood of further departures through the morale and embeddedness of those who remain (Cui et al.
2026), a mechanism the model reproduces only indirectly, through the additional workload that resignations
imposeon the survivingworkers. Because theseomitted channels canbothamplify thedynamics, throughcon-
tagion, and dampen them, through support, the direction of the resulting bias is not obvious, and the present
results are best read as isolating the vertical manager to worker mechanism rather than as a complete account
of howmistreatment propagates. Incorporating an explicit peer network is the primary structural extension the
model invites.

7.8 A related simplification concerns the construct the paper refers to as culture. In themodel, the cultural state of
the workforce is operationalized as a single scalar quantity, the resentment accumulated by each agent, which
functions as the internal counter that governs withdrawal. This narrow operationalization captures the affec-
tive, grievance related dimension of culture that is most proximate to turnover, but it does not represent the
wider construct, since shared values and norms, tacit assumptions and artifacts, the climate of psychological
safety, and the sense of identity and belonging are not modeled, nor is the socially constructed and transmit-
ted quality that distinguishes a culture from an aggregate of individual attitudes. What the paper describes as
cultural erosion is therefore, more precisely, the accumulation of individual resentment in the absence of peer
transmission, and the term should be read in that restricted sense. Representing culture as an emergent prop-
erty shared across agents, rather than as the sum of private states, is a natural companion to the peer network
extension.

7.9 Finally, the generalizability of the specific parameter values used in the sweep to particular organizational sec-
tors remains an empirical question that the simulation cannot resolve on its own. The sweep is best understood
as establishing qualitative regime boundaries and the relative ordering of managerial policies rather than cal-
ibrated point predictions for any single setting, and the empirical validation program described below is in-
tended to anchor these parameters to observed distributions.

Future directions

7.10 The theoretical and computational findings generated by this study establish the foundation for a direct em-
pirical validation program. A systematic data collection initiative targeting real organizational populations is
planned, designed to measure the primary constructs operationalized in the simulation, managerial feedback
style, monitoring intensity, error frequency, resentment accumulation, and turnover intention, through vali-
dated psychometric instruments administered longitudinally across multiple organizations and sector types.
In parallel, the simulation framework will be extended toward an Early Warning System design, translating
the threshold-breach logic of the model into a practical organizational monitoring tool capable of identify-
ing configurations at elevated risk of cascade failure before the tipping point is reached. The longitudinal de-
sign is methodologically essential for capturing the temporal dynamics of resentment accumulation and the
threshold-breach processes that cross-sectional survey research cannot detect. The empirical data will serve
a dual purpose: to evaluate the extent to which the quantitative relationships produced by the simulation
correspond to observable behavioral phenomena in human organizational populations, and to calibrate the
agent-level parameters governing error probability, resentment increment rates, and resignation thresholds
against empirically derived distributions. Beyond validation, the empirical dataset will permit an examination
of moderating variables absent from the present model, including team size dynamics, sector-specific norms
of oversight legitimacy, and the buffering role of peer social support networks whose incorporation into the
next generation of the simulation represents the primary theoretical extension anticipated for subsequent re-
search (Beattie & Griffin 2014; Demsky et al. 2019). The ultimate objective of this program is the construction
of a calibrated organizational decision tool capable of translating proposed changes in managerial policy into
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probabilistic predictions of operational and cultural outcomeswith a precision and temporal resolution that no
existing analytical framework currently provides.
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