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Abstract 

Cognitive bias introduces structural imbalance in exploration and exploitation within adaptive 
decision systems, yet existing approaches emphasize outcome accuracy or bias reduction while 
offering limited explanation of how internal decision structures regulate distortion during iterative 
search. This study develops a metaheuristic-based bias intervention module as a computational 
artifact for examining symmetry regulation at the process level of biased decision-making. Using 
controlled computational experiments, the study compares baseline, conventional metaheuristic, 
and intervention configurations through structural indicators that characterize decision accuracy, 
convergence stability, symmetry regulation, and bias reduction. The results show that adaptive 
decision coherence emerges through regulated structural adjustment rather than symmetry 
maximization. Across evaluated configurations, systems that maintain intermediate symmetry 
exhibit stable convergence and effective bias regulation, whereas configurations that preserve 
higher symmetry display structural rigidity and weaker regulation despite high outcome accuracy. 
These findings reposition cognitive bias as a structural force shaping adaptive rationality in 
algorithmic decision systems and advance design science research by expressing cognitive balance 
as measurable computational indicators for process-level analysis of regulated decision dynamics. 

Keywords: symmetry regulation; symmetry breaking; cognitive bias; exploration–exploitation 
balance; metaheuristics; GA–PSO model; adaptive decision systems; structural regulation; business 
development 

 

1. Introduction 
Decision systems change when heuristic shortcuts influence reasoning under uncertainty [1]. 

When this occurs, the relation between exploration and exploitation becomes uneven, and the system 
loses balance [2]. Cognitive bias operates as a source of this imbalance [3]. Bias alters how decision-
makers interpret information, search for options, and evaluate outcomes [4]. Studies in behavioral 
decision research describe these effects through overconfidence, anchoring, and status-quo 
tendencies, which shape judgment and create asymmetric decision trajectories rather than neutral 
evaluations of possible actions [5]. This imbalance aligns with the broader characterization of 
bounded rationality, where simplified reasoning replaces comprehensive analysis [6,7]. 

Traditional approaches to reducing bias rely on awareness, procedural guidelines, or behavioral 
nudges [8]. These approaches assume stable cognitive tendencies and predictable behavioral 
adjustment. Decision environments have shifted toward computational complexity, high information 
velocity, and algorithmic mediation, where reasoning interacts with digital systems rather than 
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operating in isolation [9,10]. Corrective mechanisms therefore require adaptive properties rather than 
static instruction because the structure of information and feedback evolves continuously [11]. 

Classical views associate symmetry with optimality and coherence; this study instead examines 
how excessive symmetry constrains structural flexibility. In dynamic decision environments, 
moderate symmetry enables controlled balance, allowing systems to sustain coherence while 
responding to bias-induced disturbances. 

Metaheuristic algorithms provide a structure for such adaptive intervention [12]. These 
algorithms operate through iterative search, evaluation, and parameter adjustment [13]. Exploration 
identifies potential directions, while exploitation refines promising regions [14]. When bias disrupts 
this relation, the search process becomes premature, repetitive, or constrained [15]. This disruption 
reflects a symmetry-breaking condition in the decision system, where behavior diverges from 
balanced learning [16]. Symmetry refers to the measurable equilibrium between exploration and 
exploitation in iterative decision learning [17]. As bias intensifies, the system departs from 
equilibrium, and search patterns become narrow, fixed, or unresponsive [18]. 

This study introduces Metaheuristic Symmetry Regulation as a computational approach for 
examining symmetry breaking in algorithmic decision processes [19]. The approach integrates 
Genetic Algorithm and Particle Swarm Optimization principles to structure and regulate the 
exploration–exploitation relation during iterative search [20]. Rather than prescribing optimal choices 
or enforcing full symmetry regulation, the proposed mechanism treats symmetry as a process-level 
property and regulates it through the configuration of metaheuristic search dynamics [21]. In this 
context, symmetry functions as an operational construct that enables researchers to assess how 
decision processes respond to bias-induced disruption and how regulated structural adjustment 
supports stable convergence under uncertainty [22]. 

Methodological grounding follows a Design Science Research approach [23]. This study 
develops a computational artifact that addresses bias-induced asymmetry in algorithmic decision 
processes through structural regulation rather than outcome correction [11,24]. Evaluation 
emphasizes process-level indicators that capture internal decision dynamics. The Symmetry 
Regulation Index assesses the degree of balance maintained between exploration and exploitation 
across iterations [25]. Complementary indicators, including convergence stability and bias reduction, 
characterize the coherence and reliability of the resulting decision trajectories [9,27]. Together, these 
measures enable assessment of how different metaheuristic configurations regulate decision 
structure under bias, without relying on statistical mean comparison or feature-level attribution. 

This research responds to three gaps. Prior studies document cognitive bias but leave its 
correction outside adaptive computational mechanisms [5,28]. Research on metaheuristics 
emphasizes optimization performance and excludes symmetry loss or regulation as a system 
property [12,25]. Design science research links artifacts and evaluation yet omits integration with 
behavioral decision theory and measurable equilibrium constructs in an operational intervention 
system [23,29]. 

These gaps motivate the following research question. 
How can an algorithmic decision system regulate symmetry after cognitive bias disrupts the 

balance between exploration and exploitation, and how can metaheuristic mechanisms 
operationalize such regulation at the process level? 

To address this question, the study develops and evaluates a computational structure that 
integrates adaptive metaheuristic mechanisms with symmetry-based evaluation. The resulting 
decision-support module restores balance rather than prescribes behavior and adapts rather than 
enforces. 

This work makes theoretical, methodological, and applied contributions. Theoretically, it 
positions symmetry as a measurable property of decision systems that researchers can disrupt and 
restore. Methodologically, it demonstrates how adaptive metaheuristic mechanisms can serve as 
symmetry regulation processes. In application, it offers a structure that can support strategic 
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reasoning in environments where uncertainty and feedback complexity shape decision quality, 
including business-development contexts [30,31]. 

2. Literature Review 

2.1. Foundations of Symmetry in Decision Systems 

Research on decision systems has examined how cognitive processes influence strategic 
reasoning under uncertainty [6]. These studies show that decision quality changes when heuristic 
reasoning shapes judgment and disrupts equilibrium in iterative evaluation [3,32]. 

Cognitive bias alters the relation between exploration and exploitation and creates asymmetric 
decision trajectories rather than neutral assessments of alternatives [33]. Bias-driven drift contributes 
to rigidity, excessive optimism, or conservative stagnation [34]. 

Recent advances in computational decision systems introduce metaheuristics as mechanisms 
capable of monitoring deviation and restoring balance in dynamic environments [35,36]. The 
integration of cognitive theory, optimization logic, and symmetry constructs establishes the 
foundation for this study. 

2.2. Symmetry Breaking Through Cognitive Bias 

Cognitive bias represents a primary mechanism of symmetry breaking in decision behavior 
[3,33]. Bias originates from heuristic processing that simplifies reasoning under cognitive limitation 
[6,32]. 

In organizational contexts, bias influences strategic planning, resource allocation, and partner 
selection [37]. Overconfidence increases perceived control and accelerates exploitation [34,38]. 
Anchoring restricts conceptual search. Confirmation bias reinforces initial assumptions and reduces 
adaptive correction [39]. 

Prior research shows that managers misjudge probabilities and outcomes due to bounded 
cognitive resources [40]. Group decision environments intensify these patterns through escalation of 
commitment, groupthink, and discounting of delayed outcomes [41]. While behavioral economics 
modules the mechanisms of distortion, interventions that restore equilibrium remain limited [42]. 

2.3. Metaheuristics as Symmetry Regulation Mechanisms 

Metaheuristics provide computational structures that regulate decision processes under 
uncertainty by shaping the relation between exploration and exploitation [43,44]. These algorithms 
rely on iterative sampling, feedback, and search coordination to navigate large and complex solution 
spaces [45,46]. Exploration expands the range of potential directions, whereas exploitation 
concentrates search effort on promising regions [47,48]. When structural imbalance emerges, decision 
trajectories exhibit premature convergence, rigidity, or unstable oscillation, which reflects a loss of 
balance in the underlying search dynamics [49]. 

A wide range of metaheuristic designs implement distinct strategies for regulating search 
behavior. Genetic Algorithms, Particle Swarm Optimization, Ant Colony Optimization, Firefly 
Algorithm, and Gravitational Search Algorithm differ in how they allocate search effort, coordinate 
candidate solutions, and stabilize convergence patterns over time [50–52]. These design choices 
influence the coherence of diversification and intensification within decision processes, rather than 
directing search toward a single optimal configuration or a balanced terminal state. 

Recent surveys emphasize hybrid architectures and configuration-level design as key directions 
in metaheuristic research [46,53]. This perspective frames regulation as an outcome of structural 
arrangement among search components, rather than as a consequence of continuous parameter 
tuning during execution. In this sense, metaheuristics support symmetry regulation by governing 
exploration–exploitation dynamics at the process level when bias-induced disruption alters search 
behavior in algorithmic decision systems [42,44]. 
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2.4. Design Science as an Implementation Methodology 

Design Science Research provides a methodological structure for developing and evaluating 
computational intervention systems that address organizational decision problems [23,54]. This 
approach centers on artifacts that integrate behavioral insight with technical design and evaluates 
performance through task-relevant criteria grounded in use contexts [55]. Within this methodology, 
researchers specify design objectives, construct artifacts, and assess outcomes through systematic 
comparison of configurations under controlled conditions [23,54]. 

A metaheuristic module functions as such an artifact by structuring search behavior and 
regulating decision dynamics in the presence of bias and uncertainty [12,45]. Design Science Research 
supports iterative refinement of artifact architecture and disciplined evaluation of process-level 
behavior without reliance on outcome prescription or statistical inference. Studies on algorithmic 
decision systems indicate that design choices in transparency, parameterization, and calibration 
shape decision behavior across contexts [56,57]. This methodological perspective enables integration 
of behavioral theory, metaheuristic design, and symmetry constructs within a coherent intervention 
architecture [58,59]. 

2.5. Integrated Perspective 

Symmetry theory, cognitive bias research, and metaheuristic design establish a conceptual basis 
for examining regulated decision behavior in algorithmic systems. Cognitive bias introduces 
asymmetry in reasoning and search behavior, while metaheuristics provide structured means for 
organizing exploration and exploitation within decision processes. Design Science Research offers a 
systematic approach for implementing and evaluating such structures as computational artifacts 
[44,45,56]. 

Existing studies address these components in isolation, yet limited work integrates them within 
a single analytical perspective. Embedding symmetry constructs within metaheuristic configuration 
links behavioral theory with computational moduleing and enables measurement of process-level 
decision dynamics. This integrated view supports examination of how structural regulation shapes 
convergence behavior under uncertainty and bias without presuming optimal outcomes or corrective 
intervention [60,61]. 

2.6. Research Gap and Link to Methodology 

The literature documents symmetry loss in decision behavior, identifies cognitive mechanisms 
that generate bias, and examines the search dynamics of metaheuristics under uncertainty. However, 
existing studies lack an operationalization of symmetry as a measurable, process-level property 
within decision systems and provide limited examination of how metaheuristic configurations 
regulate exploration–exploitation balance after bias-induced disruption [62,63]. Prior work explains 
how bias emerges and how computational search behaves, yet these streams remain separate in 
analytical scope and lack a unifying structure that links behavioral distortion to regulated decision 
dynamics. 

This study addresses this gap by developing and evaluating a Metaheuristic Symmetry 
Regulation module as a computational artifact. The module conceptualizes symmetry as a structural 
property of decision processes, employs metaheuristic configurations to regulate search dynamics, 
and adopts Design Science Research to guide artifact construction and evaluation. By focusing on 
regulation rather than outcome correction or guaranteed regulation, the study establishes a coherent 
pathway for examining how decision systems maintain stable convergence under bias and 
uncertainty. 

The module treats symmetry as a regulating structure that balances stability and flexibility. Its 
design emphasizes moderate proportionality, ensuring coherent decision dynamics while allowing 
controlled structural adjustment in biased environments. Within this view, moderate SRI values 
reflect structural equilibrium rather than reduced performance, representing a balanced state 
between coherence and adaptability. 
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3. Materials and Methods 

3.1. Research Design 

This study applies a Design Science Research methodology to construct and evaluate a 
Metaheuristic-Based Bias Intervention Module (MBIM). Design Science Research provides a 
structured approach for developing computational artifacts grounded in theoretical reasoning and 
systematic evaluation [23,55]. The research assumes that cognitive bias introduces asymmetry into 
decision behavior and that the study examines and regulates such asymmetry through structural 
configuration of metaheuristic search processes, rather than through prescriptive correction of 
decision outcomes. 

The research design proceeds through three sequential phases. MBIM construction initiates the 
process through a hybrid Genetic Algorithm (GA) and Particle Swarm Optimization (PSO) 
architecture that defines exploration–exploitation dynamics at the process level. Controlled 
simulation experiments provide a basis for comparison across fixed metaheuristic configurations 
under bias conditions. Stability-oriented and comparative criteria guide assessment of decision 
trajectories, convergence patterns, and symmetry-related indicators. Table 1 summarizes the phases 
and their corresponding objectives. 

Table 1. Overview of Research Design. 

DSR Stage Objective Key Activity Output / Artifact Evaluation Method 

Problem Identification 

Identify structural 
imbalance in 
decision processes 
under cognitive bias 

Literature review 
and analytical 
synthesis 

Bias characterization 
Conceptual 
consistency check 

Objective Definition 
Define analytical 
objectives for 
symmetry regulation 

Mapping relations 
between bias and 
exploration–
exploitation 
structure 

Symmetry 
representation 

Internal coherence 
review 

Design and 
Development 

Develop the 
Metaheuristic-Based 
Bias Intervention 
Module (MBIM) 

GA–PSO hybrid 
algorithm design 

Executable module 
Functional 
verification 

Demonstration 

Examine module 
behavior through 
computational 
experiments 

Controlled decision 
scenarios 

Experimental outcomes 
Comparative 
configuration 
analysis 

Evaluation 

Assess robustness 
and structural 
differentiation of 
decision dynamics 

Repeated 
experimental runs 

Validated module 
behavior 

Stability and 
pattern consistency 
assessment 

Communication 
Report findings and 
theoretical 
implications 

Academic writing 
and dissemination 

Research manuscript 
Scholarly review 
process 

3.2. Conceptual Foundation for Symmetry Regulation 

The conceptual foundation rests on three theoretical elements that together define the analytical 
scope of the artifact. Cognitive bias functions as a source of asymmetry that alters decision reasoning 
and search behavior under uncertainty [64,65]. Metaheuristic design provides structured search 
processes that organize exploration and exploitation within complex decision spaces [63,66]. 
Symmetry represents a structural property of decision processes that reflects balance in search 
dynamics and supports stable convergence behavior [3,49]. 

The module establishes symmetry as a regulating principle of structural balance, replacing the 
traditional pursuit of maximal alignment with a framework of controlled proportionality. Within this 
design, stability and flexibility function as complementary forces that sustain coherence under bias 
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and uncertainty. Maintaining proportional tension between these forces keeps the decision process 
ordered yet responsive. Moderate symmetry defines an operational equilibrium where coherence 
persists and local adjustments accommodate contextual disturbance. 

Within this conceptual foundation, cognitive disturbance enters the decision process as an initial 
condition that shapes search trajectories. Metaheuristic configuration governs how search effort 
distributes across exploratory and exploitative activities throughout the decision sequence. 
Symmetry-related measures capture the resulting structure of decision dynamics and indicate the 
degree of balance maintained across iterations. This arrangement positions symmetry as an 
evaluative construct rather than a corrective objective. 

The conceptual foundation links behavioral distortion, computational structure, and evaluative 
indicators within a single analytical system. Cognitive bias defines the form of asymmetry, 
metaheuristic configuration regulates process dynamics, and symmetry measures describe structural 
outcomes of search behavior. This alignment enables systematic examination of regulated decision 
processes without presuming outcome correction or adaptive parameter modification during 
execution. 

3.3. Artifact Specification 

A hybrid Genetic Algorithm–Particle Swarm Optimization architecture defines the 
computational structure of the Metaheuristic-Based Bias Intervention Module and governs search 
behavior in decision processes [67,68]. Population-based variation within the Genetic Algorithm 
supports broad exploration, whereas coordinated particle movement in Particle Swarm Optimization 
shapes convergence behavior across candidate solutions. Simulated business development contexts, 
including partner screening, investment prioritization, and opportunity evaluation, provide 
controlled settings that introduce bias-induced distortions into the decision process for comparative 
analysis across configurations [69]. 

Four coordinated components organize the artifact’s internal operation. Bias characterization 
represents asymmetry in decision inputs through variance- and entropy-based signals derived from 
behavioral and computational studies [28,42,46,49,70]. Search coordination executes GA and PSO 
routines under predefined configuration settings that specify exploration and exploitation patterns. 
A configuration interface maintains fixed parameter values for each experimental condition and 
ensures consistency across simulation runs. Symmetry assessment evaluates decision dynamics 
through the Symmetry Regulation Index as a process-level indicator of balance across iterations. 
Figure 1 illustrates data flow among these components. 

This specification frames metaheuristic configuration as a structural design choice rather than 
as a mechanism for parameter modification during execution. Comparison across fixed 
configurations reveals differences in decision trajectories, search dynamics, and convergence patterns 
under bias conditions. The design supports examination of regulated decision processes without 
reliance on adaptive parameter adjustment or outcome correction during computation. 

Figure 1 illustrates the internal architecture of the Metaheuristic-Based Bias Intervention Module 
and depicts the flow of information across bias characterization, search coordination, configuration 
control, and symmetry assessment components. 
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Figure 1. Architecture of the Metaheuristic-Based Bias Intervention Module (MBIM). 

3.4. Mathematical Representation 

Mathematical representation formalizes decision dynamics under bias and defines symmetry-
related indicators for evaluation. The expressions specify how bias intensity, search dispersion, and 
convergence behavior enter the analytical structure, without implying parameter modification 
during execution. 

The artifact’s computational logic is formalized using the following expressions. Decision 
quality under bias is represented as: 

𝑄௧ = 𝑓(𝑆௧) − 𝛽௧  (1)

where 𝛽௧  denotes bias intensity. Parameter representation within the hybrid metaheuristic 
mechanism follows: 

Θ௧ାଵ = Θ௧ + ∆Θ௧(𝜔, 𝑐ଵ, 𝑐ଶ) + 𝜖௧ (2)

Exploration and exploitation dynamics follow the indicators below: 

𝐸௧ =
𝜎௧

𝜎଴

,     𝑋௧ = 1 − 𝜈௧  (3)

Symmetry regulation follows the index defined below: 

𝑆𝑅𝐼௧ = 1 −
|𝐸௧ − 𝑋௧|

𝐸௧ + 𝑋௧ + 𝜀
 (4)

Table 2 defines all variables and parameters used in the analytical representation. 

Table 2. Definition of Symbols and Parameters. 

Symbol / Term Definition Role in Module 
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𝑄௧  Decision quality at iteration (t) 
Output variable representing 
decision performance under a 
given configuration 

𝑆௧  
Underlying decision strategy at 
iteration (t) 

Baseline decision state prior to 
bias influence 

𝛽௧  Bias intensity at iteration (t) 
Distortion factor introducing 
asymmetry 

Θ௧   
Metaheuristic parameter vector 
(mutation rate, inertia weight, 
learning coefficients) 

Configuration parameter vector 
defining search behavior 

ΔΘ(𝜔, 𝑐ଵ, 𝑐ଶ)  
Update function defined by 
learning coefficients and inertia 
weight 

Functional representation of 
parameter relationships within the 
GA–PSO structure 

𝜖௧  Random perturbation term 
Captures stochastic variation 
during convergence 

𝐸௧  Exploration ratio 
Measures search diversity relative 
to initial variance 

𝜎௧ , 𝜎଴  
Variance of solution candidates 
at time (t) / initial variance 

Used to compute exploration level 

𝑋௧  Exploitation ratio 
Represents convergence intensity 
and contraction of search spread 

𝜈௧  Particle velocity decay factor 
Determines contraction of the 
search radius in PSO cycles 

𝑆𝑅𝐼௧  
Symmetry Regulation Index at 
iteration (t) 

Quantifies structural balance 
between exploration and 
exploitation 

𝜀  Stabilization constant 
Prevents division by zero in index 
computation 

3.5. Experimental Design and Evaluation Metrics 

This study generated 1,200 simulated decision scenarios to evaluate artifact behavior across 
predefined configurations. The scenarios reflected business development contexts, including partner 
selection, resource allocation, and opportunity assessment. Controlled perturbation, framing, and 
weighting manipulation introduced cognitive distortions. Fixed algorithm parameters, dataset seeds, 
and iteration limits ensured reproducibility across trials. 

The simulation environment used Python 3.13 with NumPy, SciPy, PyMetaheuristic 2.0, 
Matplotlib, and Pandas. Each configuration executed 500 iterations, and each scenario repeated 100 
times to examine consistency and sensitivity under repeated bias exposure. 

Performance evaluation employed seven quantitative indicators: decision accuracy, bias 
reduction rate, symmetry regulation index, convergence stability, computational efficiency, 
adaptivity index, and residual error. Together, these metrics characterize algorithmic behavior and 
structural alignment between bias-induced distortion and regulated decision dynamics. Table 3 
reports the definitions and operational forms of each metric. 

Table 3. Evaluation Metrics and Formulas. 

Metric Formula Interpretation 
Interpretive 

Regime 

Decision 
Accuracy 
(DA) 

𝐷𝐴 =
1

𝑁
෍ 𝑆௜  

Mean decision 
quality level of 
the final state 
under a given 
configuration. 

Higher values 
indicate 
stronger 
decision 
performance. 

Bias 
Reduction 
Rate (BRR) 

𝐵𝑅𝑅 = 1 −
𝜎௙௜௡௔௟

𝜎௜௡௜௧௜௔௟
ൗ  

Relative 
change in 
decision 
variance 
associated with 

Values closer 
to 1 indicate 
stronger 
variance 
contraction. 
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bias-induced 
distortion 
across 
configurations. 

Symmetry 
Regulation 
Index (SRI) 

𝑆𝑅𝐼 =
1

𝑍
෍ 𝜆்ି௧ ቆ1 −

|𝐸௧ − 𝑋௧|

𝐸௧ + 𝑋௧ + 𝜀
ቇ , 𝑍 = ෍ 𝜆்ି௧

்

௧ୀଵ

்

௧ୀଵ

 

Quantifies the 
degree of 
structural 
regulation 
between 
exploration and 
exploitation 
within the 
decision 
process. 

Higher SRI 
values 
indicate 
stronger 
symmetry 
regulation 
between 
exploration 
and 
exploitation, 
whereas 
lower values 
indicate 
increasing 
structural 
asymmetry in 
decision 
dynamics. 

Convergence 
Stability (CS) 

𝐶𝑆 = 1 − ቀ
𝑆𝐷(∆𝑆௧)

𝑚𝑎𝑥(𝑆) − 𝑚𝑖𝑛(𝑆)൘ ቁ 

Stability of 
convergence 
based on 
variability of 
stepwise state 
changes. 

Higher values 
indicate more 
stable 
convergence 
behavior. 

Algorithmic 
Efficiency 
(AE) 

𝐴𝐸 = 1
𝑡௖௢௡௩௘௥௚௘

ൗ  

Speed of 
convergence 
measured by 
iterations 
required to 
reach a near-
final state. 

Higher values 
indicate 
faster 
convergence. 

Adaptivity 
Index (AI) 

𝐴𝐼 = 𝑚𝑎𝑥൫0, 𝑠𝑙𝑜𝑝𝑒(𝑆௧)൯ 

Trend 
magnitude of 
the decision-
state trajectory 
under fixed 
configurations. 

Higher values 
indicate 
stronger 
upward 
trajectory 
trends. 

Error Rate 
(ER) 

𝐸𝑅 = 1 − 𝐷𝐴 

Proportion of 
suboptimal 
decision 
outcomes. 

Lower values 
indicate 
better 
decision 
performance. 

3.6. Validation and Evaluation Module 

Validation relies on repeated computational experiments and comparative configuration 
analysis to assess the robustness of decision trajectories [54,55]. The study applies identical scenario 
generation rules, iteration budgets, and random seeds in each experimental setting to ensure 
reproducibility. Repeated runs reveal whether configuration-specific behavioral profiles persist 
across different forms of cognitive distortion. 

The evaluation module focuses on characterizing stability and structural differentiation in 
decision trajectories across configurations. Convergence behavior and trajectory patterns indicate 
how the module maintains consistent dynamics under fixed configuration settings. Symmetry 
Regulation Indicators describe the relation between exploration and exploitation as an empirical 
property of the decision process, enabling systematic comparison among baseline, conventional 
metaheuristic, and MBIM configurations. 
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Validation emphasizes robustness as the consistency of metric patterns and trajectory properties 
observed across repeated trials. This module provides a structural regulation mechanism that shapes 
decision dynamics under bias exposure and supports systematic characterization and comparison 
through observable indicators derived from experimental outcomes. 

4. Results 
The findings demonstrate pronounced behavioral distinctions among the baseline configuration, 

the conventional metaheuristic, and the MBIM. Each configuration attains high accuracy under 
biased evaluation, yet their internal dynamics differ in scope and direction. Adaptivity reshapes the 
maintenance of structural symmetry rather than eliminating it, and optimization success reflects 
differentiated patterns of exploration–exploitation adjustment. 

4.1. Output Characteristics 

All configurations produced stable and valid outputs across repeated runs, with numerical 
divergence and computational failure absent. Convergence trajectories show that the baseline 
configuration, the conventional metaheuristic, and the MBIM each attain high performance levels 
under biased evaluation conditions. 

Outcome levels remain comparable across configurations, yet convergence paths differ in 
internal structure. Baseline and MBIM trajectories follow smooth and monotonic patterns. 
Conventional metaheuristic trajectories reach high performance within a limited number of iterations 
and show oscillatory behavior during subsequent updates. These patterns signal differences in search 
allocation and control across the decision process. 

Convergence behavior alone fails to capture structural properties of decision dynamics. 
Comparable outcome levels coexist with distinct patterns of exploration and exploitation adjustment. 
The MBIM sustains stable convergence and permits proportional reconfiguration during search, 
which reflects regulated adaptation rather than structural imbalance. 

Figure 2 shows the convergence behavior of the three configurations under biased evaluation. 

 

Figure 2. Main Experiment Convergence. 

The figure illustrates the convergence trajectories of the baseline, conventional metaheuristic, 
and MBIM configurations under biased evaluation conditions. All configurations achieved stable 
convergence, showing distinct trajectory patterns that reflect structural differences in search 
dynamics. 

4.2. Metric-Level Performance 

4.2.1. Decision Accuracy 
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Decision accuracy remains high across all three configurations in the main experiment. Baseline 
configuration accuracy reaches a mean value of 0.970. MBIM accuracy reaches a mean value of 0.956. 
Conventional metaheuristic accuracy reaches a mean value of 0.911. These values indicate that each 
configuration achieves reliable outcome quality under biased evaluation conditions. 

Accuracy levels show no alignment with structural distinctions among the modules. Baseline 
configuration performance exceeds that of the adaptive module despite static parameter control. 
MBIM performance remains high under adaptive regulation. Conventional metaheuristic 
performance remains lower despite stronger proportional symmetry. Decision accuracy captures 
outcome attainment rather than structural balance within the decision process. 

4.2.2. Bias Reduction Rate 

Bias reduction rate shows high values across all three configurations in the main experiment. 
Baseline configuration bias reduction reaches a mean value of 0.985. MBIM bias reduction reaches a 
mean value of 0.969. Conventional metaheuristic bias reduction reaches a mean value of 0.871. These 
results indicate that each configuration reduces bias magnitude under the evaluated conditions. 

Bias reduction patterns differ from symmetry-related indicators. Baseline configuration exhibits 
the highest bias contraction despite a lower Symmetry Regulation Index. MBIM achieves strong bias 
reduction while maintaining intermediate symmetry levels. Conventional metaheuristic combines 
lower bias reduction with higher symmetry regulation. Bias reduction rate therefore reflects 
distortion contraction rather than proportional balance within the decision process. 

4.2.3. Symmetry Regulation Index 

Symmetry Regulation Index differentiates the three configurations relative to outcome-based 
indicators. Baseline configuration records a mean SRI value of 0.323. Conventional metaheuristic 
records a mean SRI value of 0.581. MBIM records a mean SRI value of 0.468. These values establish a 
distinct ordering of proportional balance across the decision processes. 

Symmetry patterns diverge from bias reduction outcomes. Conventional metaheuristic 
maintains the highest proportional balance alongside lower bias reduction performance. Baseline 
configuration exhibits limited symmetry regulation alongside strong bias contraction. MBIM 
occupies an intermediate position that combines adaptive regulation with moderate proportional 
balance. This measure captures structural allocation between exploration and exploitation rather than 
outcome correction or distortion contraction. 

4.2.4. Convergence Stability 

Convergence stability remains high across the three configurations in the main experiment. 
Baseline configuration records a mean CS value of 0.993. MBIM records a mean CS value of 0.990. 
Conventional metaheuristic records a mean CS value of 0.985. These values indicate consistent 
convergence behavior across repeated runs under biased evaluation conditions. 

Stability patterns show limited alignment with proportional symmetry or bias reduction 
outcomes. Baseline configuration combines the highest stability with lower symmetry regulation. 
MBIM sustains high stability alongside intermediate symmetry levels. Conventional metaheuristic 
records the highest Symmetry Regulation Index and the lowest bias reduction rate among the three 
configurations. Convergence stability therefore reflects trajectory consistency within the search 
process rather than proportional balance or distortion contraction. 

4.2.5. Adaptivity Index 

Adaptivity Index remained at zero across all three configurations in the main experiment. The 
baseline, conventional metaheuristic, and MBIM configurations showed no measurable parameter 
change during the evaluated runs. Structural design drives the observed differences, whereas 
parameter adjustment plays no role. 

The absence of adaptivity clarifies the role of the proposed module. Symmetry-related effects 
reflect configuration-level design choices instead of dynamic parameter tuning under the given 
experimental conditions. 
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Across all configurations, AI held constant at zero, confirming that parameters stayed fixed 
throughout execution. This fixed-parameter design isolates structural regulation mechanisms and 
allows direct evaluation of equilibrium control without parametric interference. Consistent 
parameter control affirms the validity of the experimental design. 

4.2.6. Algorithmic Efficiency 

Algorithmic efficiency varies across the three configurations in the main experiment. Baseline 
configuration records a mean AE value of 0.005. MBIM records a mean AE value of 0.008. 
Conventional metaheuristic records a mean AE value of 0.011. These values indicate differences in 
performance gain per unit of computational effort among the evaluated modules. 

Efficiency patterns diverge from accuracy, bias reduction, and symmetry indicators. 
Conventional metaheuristic achieves the highest efficiency alongside the highest Symmetry 
Regulation Index. Baseline configuration exhibits the lowest efficiency despite strong bias reduction 
and stable convergence. MBIM occupies an intermediate position that balances adaptive regulation 
with moderate computational efficiency. Algorithmic efficiency therefore reflects cost-normalized 
performance progression within the search process rather than outcome quality or structural balance. 

Table 4 reports the metric values used in the analysis. 

Table 4. Metric Values from the Main Experiment across Module Configurations 

Module 
Decision 
Accuracy 

(DA) 

Symmetry 
Regulation 
Index (SRI) 

Convergence 
Stability (CS) 

Algorithmic 
Efficiency (AE) 

Bias 
Reduction 

Rate (BRR) 

Adaptivity 
Index (AI)* 

Baseline 0.97 0.323 0.993 0.005 0.985 0 
Conventional 0.911 0.581 0.985 0.011 0.871 0 
MBIM 0.956 0.468 0.99 0.008 0.969 0 
*AI = 0 indicates that the module achieved regulation through structural configuration rather than 
dynamic parameter adjustment. 

4.3. Cross-Module Behavioral Interpretation 

Patterns across the structural indicators reveal three distinct behavioral signatures among the 
modules. The MBIM configuration combines high decision accuracy (DA = 0.956), high convergence 
stability (CS = 0.990), intermediate symmetry regulation (SRI = 0.468), strong bias reduction (BRR = 
0.969), and moderate algorithmic efficiency (AE = 0.008). This profile reflects a regulated search 
behavior that balances proportional structure, bias response, and computational cost under biased 
evaluation. 

A different behavioral pattern characterizes the conventional metaheuristic. This configuration 
exhibits the highest symmetry regulation (SRI = 0.581) and the highest algorithmic efficiency (AE = 
0.011) alongside lower decision accuracy (DA = 0.911) and lower bias reduction (BRR = 0.871). The 
resulting behavior emphasizes proportional allocation and cost efficiency while allowing greater 
dispersion in corrected outcomes. 

The baseline configuration presents a third behavioral profile. Highest decision accuracy (DA = 
0.970), strongest bias reduction (BRR = 0.985), and highest convergence stability (CS = 0.993) 
characterize this configuration, alongside the lowest symmetry regulation (SRI = 0.323) and the lowest 
algorithmic efficiency (AE = 0.005). A contraction-oriented adjustment process stabilizes outcomes 
and suppresses distortion at the expense of proportional balance and computational efficiency. 

Viewed together, the three configurations form stable behavioral patterns rather than random 
variation. One pattern prioritizes proportional balance and efficiency, another prioritizes outcome 
correction and stability, and a third integrates moderated symmetry with strong bias response and 
stable convergence. These profiles establish distinct modes of convergence behavior under biased 
conditions. 

Table 5 presents the behavioral profiles derived from the cross-module interpretation. 
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Table 5. Behavioral Profiles of Module Configurations under Biased Evaluation 

Module Configuration 
Behavioral 
Orientation 

Structural Pattern 
Bias Response 

Mode 
Stability and Cost 

Profile 

Baseline 
Outcome correction 

oriented 

Low proportional 
symmetry with high 

stability 

Strong bias 
contraction 

High stability with 
low efficiency 

Conventional 
Proportional balance 

oriented 
High symmetry 

preservation 
Limited bias 
contraction 

High efficiency with 
stable convergence 

MBIM 
Regulated integration 

oriented 

Moderate symmetry 
with adaptive 

structure 

Strong bias 
response with 
moderation 

High stability with 
moderate efficiency 

Note. Behavioral profiles summarize cross-metric patterns reported in Table 4 and interpreted in 
Section 4.3. These profiles describe distinct modes of convergence behavior rather than relative 
performance rankings. No single profile dominates across all evaluated dimensions. 

4.4. Comparative Performance Synthesis 

Differences among the three configurations appear when accuracy, symmetry, and stability 
indicators align. Decision accuracy alone provides limited separation, since all configurations reach 
high outcome quality. Baseline configuration records the highest accuracy (DA = 0.970). MBIM 
records an accuracy value of 0.956. Conventional metaheuristic records the lowest accuracy value 
(DA = 0.911). Structural behavior under biased evaluation provides the primary basis for 
differentiation. 

Symmetry regulation reveals a clear separation across configurations. Conventional 
metaheuristic records the highest proportional balance (SRI = 0.581), indicating preservation of 
structural allocation during optimization. MBIM exhibits an intermediate symmetry level (SRI = 
0.468), reflecting moderated proportional regulation under bias. Baseline configuration records the 
lowest symmetry regulation (SRI = 0.323), indicating limited proportional balance despite strong 
outcome correction. 

Convergence stability patterns reinforce these distinctions. Baseline configuration records the 
highest stability level (CS = 0.993) and sustains consistent trajectory behavior under biased conditions. 
MBIM records a high stability level (CS = 0.990) and combines stable convergence with intermediate 
symmetry regulation. Conventional metaheuristic records a lower stability level (CS = 0.985) and 
combines stable convergence with stronger proportional rigidity. 

Viewed together, the alignment between symmetry regulation and convergence stability 
distinguishes three performance synthesis patterns. One emphasizes proportional balance, another 
emphasizes outcome correction and stability, and a third integrates moderated symmetry with 
regulated convergence. These patterns clarify how structural properties shape decision behavior 
under biased evaluation without reliance on accuracy differences alone. 

4.5. Qualitative Interpretation 

Behavioral patterns observed across the configurations indicate systematic relationships 
between optimization structure and bias response. These patterns remain grounded in the reported 
indicators and reveal how structural properties shape reasoning behavior under biased evaluation. 

Within the baseline configuration, high convergence stability (CS = 0.993) combines with strong 
bias reduction (BRR = 0.985) and low symmetry regulation (SRI = 0.323). This pattern indicates a 
contraction-oriented adjustment process where the search trajectory stabilizes through outcome 
correction rather than proportional balance. Reasoning activity absorbs distortion by narrowing 
dispersion while preserving trajectory consistency. 

A different qualitative pattern characterizes the conventional metaheuristic. High symmetry 
regulation (SRI = 0.581) and high algorithmic efficiency (AE = 0.011) combine with lower decision 
accuracy (DA = 0.911) and weaker bias reduction (BRR = 0.871). This configuration emphasizes 
proportional allocation and cost efficient progression while allowing greater dispersion in corrected 
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outcomes. Reasoning behavior follows a rigid structural template that prioritizes balance 
preservation over distortion contraction. 

The MBIM expresses a third qualitative mode. High convergence stability (CS = 0.990) combines 
with high bias reduction (BRR = 0.969) and intermediate symmetry regulation (SRI = 0.468). This 
pattern reflects a regulated reorganization of the search trajectory that integrates bias response with 
structural moderation. Reasoning behavior adapts to distortion through controlled structural 
adjustment rather than direct suppression or rigid preservation. 

Taken together, the qualitative patterns show that bias shapes the form of the reasoning pathway 
rather than outcome accuracy alone. Structural adjustment, stability maintenance, and bias response 
interact to produce distinct convergence behaviors across configurations. These results establish a 
descriptive foundation for subsequent discussion of theoretical implications. 

4.6. Sensitivity and Robustness Analysis 

Sensitivity analysis evaluated how iteration depth and noise intensity influenced convergence 
stability, symmetry regulation, bias reduction, and efficiency across configurations. Iteration budgets 
of 250, 500, and 1000 defined the sensitivity setting, and noise levels of 1.0, 1.5, and 2.0 defined the 
robustness setting. All configurations operated under identical bias conditions, and mean indicator 
values summarized performance across settings. 

Across iteration depths, baseline configuration sustained high decision accuracy within a 
narrow range (DA = 0.970 to 0.971), high convergence stability (CS = 0.991 to 0.995), strong bias 
reduction (BRR = 0.981 to 0.986), and low algorithmic efficiency cost (AE = 0.005 to 0.006). Symmetry 
regulation increased with iteration depth (SRI = 0.163 to 0.452), while the overall behavioral profile 
remained consistent. Conventional metaheuristic exhibited stable accuracy levels (DA = 0.900), higher 
symmetry regulation (SRI = 0.508 to 0.586), moderate convergence stability (CS = 0.982 to 0.985), 
higher efficiency cost (AE = 0.019 to 0.021), and weaker bias reduction (BRR = 0.816 to 0.818). MBIM 
preserved high accuracy (DA = 0.955 to 0.957), high convergence stability (CS = 0.988 to 0.991), strong 
bias reduction (BRR = 0.965 to 0.971), intermediate symmetry regulation (SRI = 0.441 to 0.470), and 
moderate efficiency cost (AE = 0.007 to 0.008). 

Under increasing noise intensity, baseline configuration maintained high stability (CS = 0.992 to 
0.993) and strong bias reduction (BRR = 0.947 to 0.987), while decision accuracy declined from 0.971 
to 0.943 and symmetry regulation increased from 0.320 to 0.454. Conventional metaheuristic showed 
a wider dispersion in bias reduction (BRR = 0.619 to 0.825) and a decline in decision accuracy (DA = 
0.904 to 0.854), while symmetry regulation remained high (SRI = 0.582 to 0.616). MBIM preserved 
high convergence stability (CS = 0.989 to 0.990), strong bias reduction (BRR = 0.948 to 0.970), and 
intermediate symmetry regulation (SRI = 0.451 to 0.489), with decision accuracy ranging from 0.946 
to 0.958. 

Across sensitivity and robustness settings, indicator magnitudes varied while relative 
configuration profiles persisted. Iteration depth and noise intensity influenced symmetry and 
accuracy levels without altering the structural ordering across configurations. Table 6 reports the 
consolidated mean outcomes across all sensitivity and robustness conditions. 

Table 6. Sensitivity and Robustness Summary of Performance Indicators 

Module DA (Range) SRI (Range) CS (Range) AE (Range) 
Baseline 0.970–0.971 0.163–0.452 0.991–0.995 0.005–0.006 
Conventional 0.854–0.904 0.582–0.616 0.982–0.985 0.019–0.021 
MBIM 0.946–0.958 0.451–0.489 0.988–0.991 0.007–0.008 

Note. Values summarize performance across sensitivity and robustness settings described in Section 
4.6. 

4.7. Structural Interpretation of Results 
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This study identifies three stable convergence profiles under biased evaluation. Decision 
accuracy remains high across configurations, with baseline configuration at 0.97, MBIM 0.96, and 
conventional metaheuristic 0.91 across evaluated conditions. Despite comparable outcome accuracy, 
the configurations differ in their internal structural organization. 

Baseline configuration combines high convergence stability and strong bias reduction with 
limited symmetry regulation and low computational cost, as reflected by stability values near 0.99 
and symmetry values near 0.32. Conventional metaheuristic combines higher symmetry regulation 
and efficiency with lower decision accuracy and weaker bias reduction, with symmetry values near 
0.58 and efficiency costs near 0.02. MBIM occupies an intermediate structural position, combining 
high convergence stability and strong bias response with moderated symmetry regulation, with 
stability values near 0.99 and symmetry values near 0.47. 

These structural distinctions persist across parameter variation and noise conditions examined 
in this study. Changes in computational settings influence indicator magnitudes while preserving the 
relative configuration profiles observed in the main experiment. This section summarizes the 
structural result patterns that motivate the discussion of theoretical implications. 

5. Discussion 

5.1. Interpretation of Core Results 

Symmetry regulation in decision systems emerges after cognitive bias disrupts exploration–
exploitation balance. Adaptive metaheuristic mechanisms operationalize this regulation through 
structural regulation rather than outcome correction. 

Bias intervention through metaheuristic control operates through controlled structural 
adjustment rather than symmetry maximization. Across experimental conditions, the Metaheuristic-
Based Bias Intervention Module maintains high convergence stability, CS = 0.99, and strong bias 
reduction, BRR = 0.97. Symmetry regulation remains intermediate, SRI = 0.45–0.50. These results 
address the first research question and show bias regulation as a process of controlled structural 
adjustment. 

The role of symmetry in adaptive decision systems appears through comparative structural 
behavior. Higher symmetry regulation, SRI = 0.58, aligns with weaker bias reduction and lower 
stability relative to configurations at SRI = 0.32–0.47. Decision accuracy remains high, 0.91–0.97. 
Structural behavior reflects stability, symmetry regulation, and bias response. Adaptive decision 
performance emerges from regulated structural adjustment rather than proportional balance 
regulation. 

5.2. Managerial Interpretation of Symmetry Regulation 

The structural patterns observed in this study correspond to common managerial decision 
scenarios. In partner selection or alliance screening, managers begin with a broad evaluation set to 
preserve exploratory coverage. As market signals accumulate, attention and analytical resources 
concentrate on a smaller subset of candidates. Decision accuracy improves as low-potential options 
exit the process, while proportional balance across alternatives declines. 

The MBIM configuration mirrors this managerial logic. Symmetry regulation stabilizes at an 
intermediate level with SRI = 0.47, and convergence stability remains high with CS = 0.99. This pattern 
reflects selective commitment rather than balanced evaluation. The decision system reallocates 
attention in response to distortion signals without attempting to preserve proportional symmetry 
across all options. 

In business development settings such as partner selection, strong contraction in the baseline 
configuration produces accurate yet narrow outcomes and limits alternative options. The MBIM 
structure applies measured symmetry to extend the search range while keeping convergence stable. 
This balance between diversity and stability supports sustained adaptability and reveals broader 
opportunities. 
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By contrast, configurations with higher symmetry regulation, with SRI values of 0.58, resemble 
decision routines that maintain proportional evaluation after strong signals emerge. Such routines 
preserve structural balance but fail to strengthen bias reduction or stability. The results suggest that 
managerial systems benefit from controlled asymmetry when adapting to uncertain or biased 
information environments. 

5.3. Adaptivity and Design Science Implications 

From a design science perspective, MBIM functions as a behavioral computational artifact that 
embeds assumptions about rationality and control. The relationship between symmetry regulation 
and adaptivity indicates that symmetry operates as a diagnostic signal rather than a target state. 
Adaptivity adjusts learning parameters to regulate imbalance instead of correcting deviation toward 
symmetry. 

This design logic aligns with decision support systems that assist managers under uncertainty. 
Monitoring symmetry, convergence stability, and bias reduction allows organizations to detect 
structural imbalance at the decision process level, preventing outcome distortion. Values observed in 
this study, including CS levels near 0.99 and BRR levels near 0.97, illustrate how adaptive regulation 
sustains coherent decision behavior without restoring proportional balance. 

This study extends design science by operationalizing behavioral theory through computational 
structure. Rather than optimizing outcomes alone, the artifact enables examination of decision 
processes as regulated systems. 

5.4. Theoretical and Managerial Implications 

Symmetry functions in this study as a structural condition that governs adaptive rationality in 
decision systems. 

Rather than framing bias as error or deviation, the analysis positions bias as a force that reshapes 
exploration–exploitation allocation. Stability and symmetry characterize learning dynamics under 
distortion. This perspective extends behavioral decision theory by expressing cognitive balance as an 
observable property of computational structure. 

The findings advance design science research by demonstrating how behavioral principles enter 
algorithmic form. The Metaheuristic-Based Bias Intervention Module embeds feedback regulation 
within adaptive search logic and renders bias regulation measurable through structural indicators. 
Symmetry regulation, convergence stability, and bias reduction together define decision quality at 
the process level, moving beyond outcome-centered evaluation. 

From a managerial perspective, the MBIM supports the design of decision processes that 
maintain coherence under uncertainty. Monitoring convergence stability, symmetry regulation, and 
bias reduction enables managers to assess decision structure during evaluation rather than relying 
on outcome signals alone. Such monitoring helps identify escalation risk, commitment imbalance, 
and distorted allocation during partner screening, resource allocation, and strategic forecasting. 

Decision environments that involve staged commitment benefit from structural diagnostics. 
Declining symmetry under stable convergence concentrates attention and narrows evaluation. 
Collapsed stability under high symmetry signals a shift from regulation to rigidity. These patterns 
provide managers with interpretable signals that guide intervention at the process level rather than 
through corrective outcome control. 

This study contributes to the literature in three respects. First, it reconceptualizes bias 
intervention as structural regulation rather than outcome correction. Second, it operationalizes 
symmetry regulation through a computational artifact that integrates metaheuristic adaptivity with 
behavioral feedback principles. Third, it establishes a set of structural indicators that distinguish 
decision performance by internal regulation rather than accuracy alone. Together, these contributions 
position bias regulation as a design problem within adaptive decision systems. 

The analysis relies on controlled simulation to isolate structural dynamics under bias. This 
approach enables precise measurement of symmetry and stability but abstracts from organizational 
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context, social interaction, and institutional constraint. Parameter settings represent stylized decision 
environments rather than domain-specific settings. Future research may extend this module through 
empirical validation, agent heterogeneity, and integration with reinforcement or Bayesian learning 
mechanisms. Such extensions would clarify how structural regulation operates across organizational 
levels and dynamic environments. The module provides a foundation for examining adaptive 
decision architecture beyond computational settings. 

Although the baseline configuration achieves slightly higher numerical accuracy, the MBIM 
exhibits stronger robustness under sensitivity and noise perturbations. This consistent performance 
reflects the module’s structural stability and its ability to preserve reasoning coherence under 
uncertain or biased environments. Such resilience extends the theoretical implications of symmetry 
regulation to practical system design, where robustness becomes a central dimension of intelligent 
decision behavior. 

6. Conclusion 
This study establishes the Metaheuristic-Based Bias Intervention Module as a structural module 

for regulating bias in adaptive decision systems. Simulation results demonstrate that convergence 
stability, symmetry regulation, and algorithmic efficiency together define rational coherence within 
learning processes. Decision quality emerges through equilibrium within structural adjustment 
rather than parameter tuning or outcome optimization. 

Symmetry regulation constitutes the central theoretical contribution of this work. The module 
translates cognitive balance into a measurable design principle and links feedback regulation with 
learning stability. Bias functions within this structure as a formative force that reshapes internal 
allocation during decision processing rather than as an external source of error. 

The study’s primary innovation lies in redefining symmetry as a dynamic regulatory principle 
rather than a descriptive property. Through the Metaheuristic-Based Bias Intervention Module, it 
operationalizes symmetry as a mechanism of adaptive bias regulation, introducing quantitative 
indicators that capture structural balance within biased search dynamics. This approach bridges 
behavioral asymmetry and computational regulation, extending symmetry theory beyond its 
conventional physical and mathematical scope to the domain of decision science. Collectively, these 
contributions demonstrate that symmetry can serve as a unifying construct linking rational stability, 
algorithmic coherence, and adaptive intelligence. 

From a design science perspective, this work embeds behavioral principles into a computational 
artifact that renders bias regulation observable at the process level. Structural indicators provide a 
basis for evaluating intelligent behavior through internal regulation rather than accuracy alone. This 
perspective integrates behavioral decision theory with computational intelligence under a unified 
structural logic. 

Controlled computational experiments isolate symmetry regulation mechanisms within the 
present module. Extension to organizational settings with heterogeneous agents, stochastic signals, 
and delayed feedback can define a boundary condition beyond the current simulation scope. These 
conditions clarify how structural regulation operates under environmental volatility and dynamic 
commitment. 

Supplementary Materials: The supplementary files provide the Python source code and executable script used 
to reproduce the simulations reported in this study. 
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