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Abstract: Metaheuristic decision systems can develop exploration-exploitation imbalance under cognitive bias.
Existing decision research examines outcomes, adaptive search control, and bias reduction but gives limited
attention to internal search structure. This study develops the Metaheuristic-Based Bias Intervention Module as a
decision analysis artifact that combines genetic algorithm and particle swarm optimization search with cognitive
bias mechanisms, bounded parameter control, and structural indicators. Controlled experiments compare a genetic
algorithm, a fixed hybrid configuration, and the proposed module across simulated business development allocation
scenarios. Results show that the proposed module preserves decision accuracy and bias reduction while improving
symmetry and convergence stability relative to the fixed hybrid configuration. Recorded parameter changes confirm
controller activity, while calibration tests and comparisons with entropy, proportional balance, and population
diversity support symmetry as a measure of search structure. Exchange symmetry contributes a measurable property
of search allocation under cognitive bias and distinguishes structural balance from outcome quality. Integrating
adaptivity, symmetry, stability, bias reduction, and accuracy creates a process-level diagnostic structure for decision
analysis. Practical relevance lies in a proposed diagnostic logic for search concentration and potential intervention
points in partner selection, investment prioritization, and opportunity evaluation. The computational framework
provides a foundation for subsequent organizational research on contextual calibration, managerial utility, and
decision quality.

Keywors: Symmetry regulation, Exploration-exploitation, Cognitive bias, Metaheuristic decision systems, Decision
analysis, Business development

1. Introduction

Decision-making under uncertainty can rely on heuristic
or eristic shortcuts [1]. Cognitive biases affect professional
decision-making across multiple occupational domains
[2]. Evolutionary algorithms combine exploration and
exploitation as core search functions [3]. Information
retrieval research identifies familiarity and anchoring
among biases that can shape search behavior [4]. Behavioral

decision research documents overconfidence, anchoring,
and other cognitive biases across professional settings
[2]. The present study treats such directional distortions
as potential sources of asymmetric decision trajectories.
Bounded rationality remains relevant to managerial
decision making despite greater data availability [5]. Fast-
and-frugal heuristics provide simple decision rules for
choices under uncertainty [6].

Research on managerial heuristics and biases examines
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how cognitive shortcuts shape judgment and decision
making [7]. Emerging technologies such as artificial
intelligence, data analytics, and digital platforms shape
organizational processes and interdependencies [8].
Algorithmic management systems can perform functions
such as monitoring, goal setting, performance management,
and scheduling [9]. The law of requisite variety links
regulatory capacity to the variety confronting a complex
system [10]. This principle provides a basis for examining
adaptive regulation in algorithmic decision processes.

Recent research on collective decision-making shows
that symmetry breaking can emerge when interactions
differentiate otherwise equivalent options [11]. In
metaheuristic optimization, exploration and exploitation
constitute complementary search functions whose balance
is central to algorithm design and performance [3, 12].
The present study treats symmetry as a structural property
of their proportional relation rather than as a measure of
decision optimality. Equal normalized levels represent
exact proportional symmetry, whereas dominance by either
search function represents asymmetry. This formulation
allows the analysis to examine changes in search structure
under cognitive bias without assuming that greater
symmetry produces better decisions.

Metaheuristic algorithms provide a computational
structure for search intervention [13]. These algorithms
coordinate exploration and exploitation through iterative
search and evaluation [12, 14]. Exploration identifies
potential directions, while exploitation refines promising
regions [15]. Behavioral research distinguishes directed
and random exploration as strategies for addressing the
exploration-exploitation dilemma [16]. Organizational
learning research shows that self-confirming biased beliefs
can lock learning processes into suboptimal actions, while
exploration can help agents escape these beliefs [17].
Experimental evidence shows that premature exploitation
can perpetuate initial cognitive biases [18]. The present
study represents such search imbalance through exchange
symmetry. Symmetry formalizes invariance under a
specified operation, including the permutation of system
components [19]. Inthe presentrepresentation, the exchange
operation interchanges the normalized exploration and
exploitation components. The resulting symmetry measure
remains invariant under this exchange, while exact state
symmetry occurs when the two components have equal
values. Departures from equality indicate asymmetry, and
the sign of their difference identifies which search function
dominates.

Optimization research has combined genetic and swarm
mechanisms within computational search architectures
[20], and comparative studies have examined the search
characteristics of Genetic Algorithm (GA) and Particle
Swarm Optimization (PSO) [21]. Building on these
foundations, this study introduces the Metaheuristic-
Based Bias Intervention Module (MBIM) to examine bias-
affected exploration-exploitation structure in algorithmic
decision processes. Modified PSO research shows that
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evolutionary operators and control hyperparameters can
reshape convergence behavior and support adaptation
across problem settings [22]. MBIM applies adaptive
parameter control to regulate search dynamics and
treats symmetry as a property of the search process.
Metaheuristic research has examined asymmetric objective
structures, including trade-offs between cost and reliability
[23]. The present study uses exchange symmetry to assess
proportional changes in exploration and exploitation and
relates these changes to convergence stability (CS) under
cognitive bias.

Methodological grounding follows a Design Science
Research (DSR) approach [24, 25]. This study develops a
computational artifact that regulates bias-affected search
structure at the process level. Metaheuristic research
distinguishes population-based approaches from single-
solution methods and provides established computational
structures for complex search problems [26]. MBIM
builds on population-based search mechanisms to examine
exploration-exploitation structure under cognitive bias.
The study defines the Symmetry Regulation Index (SRI)
to assess proportional equality in exploration-exploitation
allocation across iterations. Research on complex adaptive
systems emphasizes interacting components that adapt
or learn through their interactions [27]. In the present
evaluation, CS and bias reduction complement SRI by
characterizing distinct properties of the resulting decision
trajectories. These measures enable joint assessment of
outcome attainment, search structure, and computational
operation across metaheuristic configurations.

This research addresses an integrative gap in the process-
level analysis of algorithmic decision systems affected by
cognitive bias. Prior metaheuristic research has examined
exploration-exploitation balancing through explicit search
control, diversity measurement, parameter configuration,
and hybrid architecture design [3, 12, 28, 29]. Behavioral
decision research documents the effects of cognitive bias
on professional judgment [2]. Experimental research
links exploitation-oriented search to the maintenance of
cognitive biases [18]. Limited integration of these research
streams leaves unclear how bias-induced distortion of
search allocation relates to proportional structure, CS, bias
reduction, and decision accuracy (DA) within algorithmic
decision processes.

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
examines bias-responsive parameter adjustment and its
effects on search structure under controlled simulation.

This work makes theoretical, methodological, and
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applied contributions. Theoretically, it positions symmetry
as a measurable property of algorithmic decision processes.
Methodologically, it develops a decision-analysis artifact
that integrates established Genetic Algorithm-Particle
Swarm Optimization (GA-PSO) search mechanisms, bias
characterization, and an adaptive parameter controller.
Population diversity, search stagnation, and anchor
concentration guide bounded parameter adjustments, while
process-level indicators evaluate the resulting decision
dynamics under cognitive bias. Applied research can use
the framework to examine business development decision
processes shaped by uncertainty and feedback complexity
[30, 31].

2. Literature review

2.1 Foundations of symmetry in decision
systems

Managerial decision research identifies data quality,
utility, and value as continuing limitations on decision
making [5]. Behavioral decision research shows that
cognitive biases affect professional judgment and decision-
making [2]. Metaheuristic research examines explicit
control of exploration and exploitation during search [3].

Decision-making involves a recurring trade-off between
exploiting known options and exploring alternatives
[32]. Behavioral research documents optimism bias,
overconfidence, anchoring, and escalation of commitment
in project decision making [33].

Symmetry regulation extends the analytical treatment of
explorationandexploitationwithoutproposinganalternative
exploration-exploitation theory. Existing research examines
how search processes allocate and adjust exploration and
exploitation [3, 12, 28]. Population diversity provides one
approach for characterizing this balance in population-
based metaheuristics [29]. A symmetry perspective
addresses the structural form produced by this allocation.
Computational research defines symmetry as invariance
under a specified transformation [19]. The present study
applies exchange invariance to normalized exploration
and exploitation. Proportional equality constitutes exact
symmetry, and departure from equality measures structural
asymmetry. Component differences identify the direction
of dominance. Cognitive bias can sustain exploitation of
a favored option and restrict the search for alternatives,
which supports this directional interpretation [18]. This
structural representation distinguishes symmetry from
search performance and decision optimality.

Recent advances in computational decision systems
introduce metaheuristics as mechanisms capable of
monitoring deviation and restoring balance in dynamic
environments [34, 35]. The integration of cognitive theory,
optimization logic, and symmetry constructs establishes
the foundation for this study.
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2.2 Symmetry breaking through cognitive bias

Research across evolutionary algorithms and human
decision making examines how decision processes
allocate between exploration and exploitation [3, 32]. The
present study interprets bias-induced shifts in this relation
as symmetry breaking. Bias originates from heuristic
processing that simplifies reasoning under cognitive
limitation [2, 5].

Behavioral strategy research links mental processes
and behavioral bounds to strategic agency and the pursuit
of opportunities [36]. Overconfidence reflects excessive
confidence in one’s own judgments [33]. Self-enhancing
responses to diverging performance indicators can preserve
perceptions of success and reduce willingness to change
[37]. Anchoring restricts conceptual search. Confirmation
bias reinforces initial assumptions and reduces adaptive
correction [38].

Management decisions under radical uncertainty can
arise when managers lack probabilistic and qualitative
information and cannot rely on familiar heuristic cues [39].
Experimental evidence on intertemporal choice shows that
group collaboration can reduce delay discounting and
promote farsighted choices [40]. An integrative review
of organizational bias mitigation distinguishes debiasing
from choice architecture and identifies limited comparative
evidence across these approaches [41].

2.3 Metaheuristics as symmetry regulation
mechanisms

Studies of collective decision-making show that higher-
order interactions can break symmetry among equivalent
options [11], while research on statistical systems examines
symmetry breaking and local symmetry restoration [42].
The present study applies these symmetry concepts to the
proportional relation between exploration and exploitation
in metaheuristic search. These algorithms rely on iterative
sampling, feedback, and search coordination to navigate
large and complex solution spaces [28, 43]. Exploration
expands the range of potential directions, whereas
exploitation concentrates search effort on promising
regions [3, 12]. Population diversity provides an established
indicator for characterizing the exploration-exploitation
balance in population-based metaheuristics [29].

Awide range of metaheuristic designs implement distinct
strategies for regulating search behavior. GA, PSO, 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 [44-46]. 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.

Research on learning-enhanced metaheuristics examines
adaptive parameter and operator control [28]. GA surveys
document the role of operator and parameter configuration
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in applied search problems [47]. An integrative review
examines interventions that mitigate cognitive bias in
organizational decisions [41]. Work on symmetry breaking
and restoration analyzes how statistical systems lose and
recover local symmetry [42]. The MBIM adopts GA-
PSO hybridization as an established search architecture
and directs its contribution toward the process-level
analysis of bias-affected algorithmic decision systems. Its
distinctive role concerns the representation of cognitive
bias as directional distortion in search allocation and the
comparison of proportional structure, CS, bias reduction,
and DA across fixed metaheuristic configurations.

2.4 Design science as an implementation
methodology

DSR provides a methodological structure for developing
and evaluating computational intervention systems that
address organizational decision problems [24]. This
approach centers on artifacts that integrate behavioral
insight with technical design and evaluates performance
through task-relevant criteria grounded in use contexts
[48]. Within this methodology, researchers specify design
objectives, construct artifacts, and assess outcomes through
systematic comparison of configurations under controlled
conditions [49].

A metaheuristic module functions as such an artifact by
structuring search behavior and regulating decision dynamics
in the presence of bias and uncertainty [13, 43]. DSR supports
iterative refinement of artifact architecture and disciplined
evaluation of process-level behavior through context-
appropriate evidence. Responsible data science identifies
fairness, accuracy, confidentiality, and transparency as central
concerns in data-driven systems [50]. Machine-learning
research identifies biases in data and algorithms as sources
of unfair outcomes and examines approaches to fairness
and bias mitigation [51]. This methodological perspective
enables integration of behavioral theory, metaheuristic design,
and symmetry constructs within a coherent intervention
architecture [52, 53].

2.5 Integrated perspective

Research on symmetry breaking and restoration provides
a basis for examining structural change in system states
[42]. Metaheuristic research addresses the organization of
computational search across complex solution spaces [43],
while machine-learning research examines bias and fairness
in algorithmic systems [51]. The present study brings these
streams together to examine regulated decision behavior.
Cognitive bias enters the model as directional distortion in
search allocation, and metaheuristics organize exploration
and exploitation within the decision process. DSR provides
the methodological framework for implementing and
evaluating the resulting computational artifact [48, 49].

These streams operate at distinct analytical levels.
Behavioral decision research frames choice as a trade-
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off between exploiting known options and exploring
alternatives [32], whereas metaheuristic research
examines search allocation, diversity, and convergence
[3, 29]. Metaheuristic literature treats the exploration-
exploitation balance as a core design concern and notes
the limited availability of accepted and reproducible
metrics [12]. Permutation-equivariant research provides
a formal example of computational models that encode
symmetry under component permutations [19]. The
present study applies an exchange operation to normalized
exploration and exploitation and defines invariance under
that exchange. Design science connects artifact behavior
with explicit evaluation criteria [48]. Decision-oriented
explainable artificial intelligence research treats predictive
reliability, explanatory fidelity, and stakeholder usefulness
as distinct concerns in algorithmic decision support [54].
No Free Lunch results show that algorithm performance
depends on the problem class [55]. The present framework
relates bias, parameter control, symmetry, convergence,
and outcome measures under configuration-specific search
conditions.

2.6 Research gap and link to methodology

Recent decision research examines how stakeholder bias
affects group decision dynamics [56], while metaheuristic
research provides established accounts of exploration-
exploitation dynamics [57]. Metaheuristic research
examines adaptive search control, diversity preservation,
parameter configuration, and hybrid architecture.
Behavioral and computational perspectives create an
integrative research opportunity concerning the process-
level representation of bias-induced search allocation in
algorithmic decision systems.

This study addresses this integrative research opportunity
through the MBIM. Established GA-PSO mechanisms
provide the computational structure, while symmetry
regulation, CS, bias reduction, and DA support comparative
analysis across the three nested search configurations.
Integration of these elements connects cognitive bias with
observable search dynamics and positions the contribution
at the level of decision-process analysis.

Symmetry regulation denotes the monitoring and
adjustment of the exploration-exploitation relation during
iterative search. SRI records proportional equality, while
the exploration and exploitation values identify the
direction of dominance. A symmetry profile gains decision
significance through joint interpretation with DA, bias
reduction, CS, algorithmic efficiency (AE), and adaptivity.

3. Materials and methods

3.1 Research design

This study applies a DSR methodology to construct
and evaluate the MBIM. DSR provides a structured
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approach for developing computational artifacts grounded
in theoretical reasoning and systematic evaluation [24,
48]. 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 GA and PSO architecture that defines exploration-

exploitation dynamics at the process level. Controlled
simulation experiments provide a basis for comparison
across the three nested search configurations under bias
conditions. Such a design constitutes an ex post artificial
evaluation of the instantiated artifact [58]. 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

N - . Evaluation
DSR stage Objective Key activity Output/Artifact method
. . . Identlfy §tmctural imbalance Literature review and Bias Conceptual
Problem identification in decision processes under . . oo .
RS analytical synthesis characterization consistency check
cognitive bias
L o Define analytical objectives for Mapp ing relations bsztween Symmetry Internal coherence
Objective definition . bias and exploration- ; .
symmetry regulation o representation review
exploitation structure
Design and GA-PSO search with Executable Functional
development Develop the MBIM adaptive parameter control  adaptive MBIM verification
. Examine module bghavwr Controlled decision Experimental Comp arative
Demonstration through computational - configuration
. scenarios outcomes .
experiments analysis
Paired computational Comparative
. Assess technical and analytical experiments, sensitivity mp Ex post artificial
Evaluation o . P evidence on .
utility analysis, and indicator . . evaluation
R artifact behavior
validation
. Report findings and theoretical Academic writing and Research Scholarly review
Communication L2 . . .
implications dissemination manuscript 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. Evidence from behavioral research documents
the effects of cognitive bias on judgment and decision
making under uncertainty [2, 59, 60]. Metaheuristic
design provides structured search processes that organize
exploration and exploitation within complex decision
spaces [57, 61]. Diversity metrics in population-based
metaheuristics characterize the exploration-exploitation
balance [29]. This study represents proportional balance
through symmetry and examines its relation to CS.

The artifact operationalizes symmetry regulation through
bounded control of the search parameters. Cognitive
disturbance shapes the initial trajectory. Diversity loss,
stagnation, and anchor concentration supply controller
signals, while parameter updates alter search allocation.
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SRI evaluates the resulting proportional relation as a
structural outcome. DA, bias reduction, CS, efficiency, and
adaptivity determine its performance significance.

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
while separating adaptive parameter control from direct
outcome correction.

3.3 Artifact specification

Metaheuristic research encompasses hundreds of
nature-inspired algorithms and recognizes modification
and hybridization as established design directions [62, 63].
The present study combines GA and PSO within MBIM
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to structure search behavior. Population-based variation
in GA supports broad exploration, whereas coordinated
particle movement in PSO shapes convergence across
candidate solutions. Multicriteria decision research applies
formal decision methods to innovation assessment in
small and medium-sized enterprises and covers business
strategy, management, and technology selection [64].
The experiment uses partner screening, investment
prioritization, and opportunity evaluation as simulated
business development settings for controlled comparison
across configurations.

Four coordinated components organize the artifact’s
internal operation. Research on organizational decisions
examines interventions for mitigating cognitive bias
[41], while decision research considers strategies for
improving bounded judgment [65]. Strategic cognition
research incorporates cognitive and emotional processes
into explanations of organizational adaptation [66].
The present model represents anchoring, confirmation
bias, and overconfidence through the transition rules in
Equations (8)-(10). Search coordination executes GA and
PSO routines under fixed or controller-adjusted parameter
settings. Research on learning-enhanced metaheuristics

identifies adaptive parameter and operator control as
established mechanisms for adjusting search behavior
[28], while diversity metrics characterize candidate
dispersion in population-based metaheuristics [29]. The
adaptive configuration interface uses population diversity,
search stagnation, and anchor concentration as inputs for
bounded parameter adjustments during MBIM execution.
Symmetry assessment uses SRI to measure proportional
equality across exploration and exploitation trajectories.

Established GA-PSO search mechanisms provide
the computational foundation for the artifact. MBIM
organizes bias characterization, search coordination,
adaptive configuration control, and symmetry assessment
as an integrated decision-analysis architecture. Population
diversity, search stagnation, and anchor concentration
guide bounded parameter adjustments during execution.
Its artifact contribution resides in connecting adaptive
search control with process-level analysis of algorithmic
decision dynamics.

Figure 1 presents the artifact architecture and the
feedback relation among bias characterization, GA-PSO
search, adaptive parameter control, and process-level
assessment.

Distorted Decision Pattern
(Bias-Influenced Decision State)

Metaheuristic-Based Bias Intervention Module (MBIM)

~

1. Bias Characterization
(Anchoring, Confirmation Bias, and Overconfidence)

A

y

2. Hybrid Metaheuristic Engine
(GA-PSO Search Dynamics)

A

Y

3. Adaptive Search Control
(Diversity, Stagnation, and Anchor Concentration)

A

Y

4. Symmetry and Process Assessment
(Exploration, Exploitation, SRI, CS, AE, and
Adaptivity Index)

A

y

Decision Trajectories and Outcome Measures
(DA and BRR)

Figure 1. Architecture and feedback operation of the MBIM
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3.4 Mathematical representation
3.4.1 Decision space and objective function
Each candidate solution represents an allocation across

n decision alternatives. The allocation vector belongs to the
probability simplex:

xe A" ={X eR”

x, 20, Z”:xl. :1} (1)

i=1

Matrix A [0, 1]"" contains the attributes of n
alternatives across m decision criteria. Vector w € 4™
contains the criterion weights. The weighted utility vector
is:

u=Aw 2

Decision quality combines weighted utility and
allocation risk:

F(x)=u'x-px Rx 3)

Matrix R € R™ is positive semidefinite and represents
risk dependence across the decision alternatives. Parameter
p > 0 controls risk aversion. Each configuration maximizes
F(x) under the feasibility conditions in Equation (1). The
quadratic risk term penalizes allocations with greater risk
exposure, while simplex projection preserves nonnegative
allocation shares with a unit sum.

3.4.2 GA and PSO updating mechanisms

GA chromosomes use the real-valued allocation vectors
defined in Equation (1), and the same vectors serve as PSO
particle positions. Equation (3) supplies the fitness values
used for selection, replacement, and best-record updates.
The GA uses tournament selection with three candidates,
two-solution elitism, blend crossover, and Gaussian

M and x?, blend crossover

it it

mutation. For parent vectors x
produces:

Vi =0, 0x)+(I-a,, )Ox? 4)

The vector a,, €[0, 1]" contains crossover weights.
Mutation changes the offspring according to:

X =1,y +m, Om,,) ®)
Vector m,, €{0, I}" contains Bernoulli mutation
indicators, 77, , ~ N’ (0, O'jwl) ,and /7, denotes projection

onto the probability simplex. The GA configuration uses
a crossover probability of 0.90, a mutation probability of
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1/n, and a mutation scale of 0.06.
The PSO component updates particle velocity through:

Vi, + = wt\]i,t RESNLNY O (pi,t —-X; t)
+e 0, o(gt _Xi,t) (6)

Vector p,, denotes the best solution recorded by
particle i, g, denotes the best solution recorded by the
population, and the elements of r, ; , and r, , , follow a
uniform distribution on [0, 1]. The velocity limit is 0.20.
Particle position follows:

X = HA(Xi,I +\]i, l+l) (7)

i, t+1

The fixed GA-PSO configuration uses @ =0.70 and ¢,
= ¢, = 1.50. PSO updates the complete population during
each iteration. GA operators replace the lowest-performing
half of the population after every five PSO iterations.
The replacement procedure uses the same crossover and
mutation settings as the GA configuration.

Each hybrid iteration evaluates the current population,
retrieves the personal and population best records,
and applies one PSO transition to all particles. Fitness
reevaluation follows the cognitive-bias transformation of
the proposed positions. Every fifth iteration, tournament
selection draws 25 parents from the updated population.
Blend crossover and Gaussian mutation generate 25
offspring, which replace the 25 candidates with the lowest
fitness. Replacement resets the corresponding velocities
to zero and applies the same bias transformation to the
offspring. Final fitness evaluation updates the personal and
population best records. Fixed GA-PSO retains constant
parameters, while MBIM supplies iteration-specific values
from Equations (15)-(17).

3.4.3 Cognitive-bias disturbances

Each search configuration receives the same cognitive-
bias disturbance after a proposed GA or PSO transition.
Vector ae A" represents the initial anchor, b [0, 1]
represents bias strength, and x;,,, represents the proposed
candidate position. Anchoring produces:

%, =11, [Xp +0.035b(a—x ., )] (8)

i, t+1

Confirmation bias attenuates a proposed
transition that increases distance from the anchor. Let B, ,
~ Bernoulli(0.550). The disturbed position is:
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17,(0.75x, , +0.25x7 ),

i t+1 T

P
Xi, t+12

Overconfidence increases allocation concentration

through a power transformation:

Z", 1+1 = (max{xij'), t+1° ‘9} )HO‘ZOb’ ii, t+1 = HA (Z[, t+l) (10)

y

The three disturbances alter candidate transitions
without changing the objective function in Equation
(3). This common treatment isolates the effect of search
coordination and parameter control across the experimental
configurations.

3.4.4 MBIM adaptive controller

MBIM converts population diversity, search stagnation,
and anchor concentration into an exploration-demand
signal. Population diversity at iteration ¢ is:

N N
A I > !

_ﬁ.

Anchor concentration is:

R e
qt_lell(l \/E

Normalized diversity and stagnation signals follow:

(12)

d, =min<1, & , §, =min«1, i ,0<d,s, <1 (13)
D, 20

Variable L, counts consecutive iterations without an
objective improvement greater than 10°. Exploration
demand combines the three signals:

r,=min{l, 0.45(1-d,)+0.30s, +0.25¢,}  (14)
The controller sets the PSO parameters as:
®, =0.40+0.507, ¢, , =1.10+0.907,,
¢, , =2.00-0.90r, (15)
The crossover and mutation probabilities are:
p..,=0.65+0.307, p, , =0.02+0.237, (16)
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i, t+1

"x" —a" >||x —a” and B. . =1,
M it 2 it

)

otherwise.

Mutation scale is:

o, ,=0.02+0.14r (17)

Since 0 < r, < 1, the controller keeps all parameters
within finite intervals: 0.40 < w, <0.90, 1.10<¢, , ¢, , <
2.00, 0.65 <p,,<0.95,0.02<p,, <025, and 0.02 <
o, <0.16.

m,t —

3.4.5 Exploration, exploitation, and symmetry regulation

Normalized population diversity represents exploration.
Search contraction represents exploitation:

E=d,X=1-E, (18)
The iteration-specific SRI is:

|E - X |

SRI, =1-
E+X +¢

(18)

The experiment aggregates iteration-specific values
through temporal discounting:

> ATSRI, (19)

Zo A

SRI =

The mathematical basis of Equation (19) is the
normalized exchange distance. Exchanging (£, X))
produces (X, E,), and |Et - X, t| measures departure
from equality. Division by E, + X, normalizes this
distance by the total magnitude of the two components,
while subtraction from one converts distance into a
symmetry score. The stabilization constant &=10"
provides a numerical safeguard and has no substantive
influence under Equation (18), where £, + X, = 1. As
¢ approaches zero, Equation (19) reduces to twice the
smaller component divided by the component sum. This
limiting form lies in the unit interval, equals one under
component equality, approaches zero as either component
approaches zero, and remains unchanged after common
positive rescaling. With £=10" and Equation (18),
the implemented value differs from the limiting form
by less than 1072, Exchange of the exploration and
exploitation components leaves both forms unchanged.
SRI therefore measures proportional equality within a
normalized two-component search structure.

Because normalized exploration and exploitation sum
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to one, the index equals twice the smaller component. Any
score s represents a smaller component share of s/2, a larger
component share of 1 — s/2, and an absolute dominance
gap of 1 —s. A score of 0.60 represents a 0.30/0.70 split,
whereas 0.20 represents a 0.10/0.90 split. Component
trajectories identify whether exploration or exploitation
dominates.

SRI implements exchange invariance, unit bounds,
and a linear mapping of normalized absolute difference.
Population diversity measures candidate dispersion [29],
while allocation entropy captures concentration in the
selected vector. Metaheuristic research treats exploration-
exploitation balance as a central design concern [12].
For SRI validation, this study uses binary entropy and

proportional balance as alternative representations
of search balance. Together, these measures address
related properties at different analytical levels. Exchange
symmetry contributes a distinct representation of
proportional equality when the normalized exploration and
exploitation components exchange positions. A value of
one denotes exact structural symmetry, and lower values
indicate increasing proportional asymmetry. Component
trajectories identify the direction of dominance. This
formulation positions SRI as a structural diagnostic within
the broader set of search measures.

Table 2 defines the symbols and parameters used
throughout the mathematical formulation.

Table 2. Definition of symbols and parameters

Symbol Definition Operational role
n Number of decision alternatives Defines the allocation-vector dimension
m Number of decision criteria Defines the attribute and weight dimensions
X, Position of candidate or particle 7 at iteration ¢ Represents a feasible decision allocation
A" Probability simplex Defines nonnegative allocations with a unit sum
11, Euclidean projection onto the simplex Restores feasibility after each transition
A Alternative-attribute matrix Contains scores for the decision alternatives
w Criterion-weight vector Represents decision priorities
u Weighted utility vector, Aw Provides the linear utility component
R Positive semidefinite risk matrix Represents allocation risk dependence
p Risk-aversion parameter Controls the quadratic risk penalty
F(x) Risk-adjusted objective function Evaluates candidate decision quality
Vit GA offspring before mutation Carries the crossover result
a, Blend-crossover weight vector Combines two parent solutions
m,, Bernoulli mutation-indicator vector Selects mutated allocation components
., Gaussian mutation vector Perturbs selected components
Vi, PSO velocity vector Determines particle movement
P Personal-best position Represents particle-level search memory
g, Global-best position Represents population-level search memory
o, Inertia weight Controls velocity persistence
¢, Cognitive coefficient Controls attraction to personal best
oy Social coefficient Controls attraction to global best
De.s Crossover probability Controls GA recombination frequency
Dot Mutation probability Controls mutation frequency
o Mutation scale Controls mutation magnitude

m, t
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a Initial anchor vector

b Bias strength
X, Position after cognitive disturbance
D, Population diversity

D, Initial population diversity
q, Anchor concentration
L, Consecutive stagnation count
d, Normalized diversity signal
S, Normalized stagnation signal
7, Exploration-demand signal
E, Exploration ratio
X Exploitation ratio
SRI, Iteration-specific SRI
SRI Temporally aggregated index
A Temporal discount factor
€ Stabilization constant
N Population size
T Iteration limit

Defines the salient initial allocation
Controls cognitive-disturbance intensity
Represents the bias-affected transition
Measures candidate dispersion
Normalizes candidate dispersion
Measures population proximity to the anchor
Measures absence of objective improvement
Represents retained search dispersion
Represents search stagnation
Governs MBIM parameter adjustment
Represents normalized population diversity

Represents search contraction

Measures proportional equality of exploration and
exploitation

Summarizes symmetry across the complete trajectory
Controls the weight assigned to recent iterations
Prevents division by zero
Defines the number of candidate solutions

Defines the search horizon

3.5 Experimental design and evaluation
metrics

Twelve stylized allocation scenarios comprised
four instances of partner selection, four of investment
prioritization, and four of opportunity assessment.
Each instance applied the constrained allocation
model in Equations (1)-(3) to ten alternatives and
four normalized criteria. Application labels supplied
analytical interpretations within a shared data-generating
process. The common mathematical structure supported
controlled comparison across search configurations. A beta
distribution with shape parameters 2.2 and 2.0 generated
the alternative attributes. Its support matches the unit scale
of the criterion scores, while its mean of 0.524 creates
mild input asymmetry without concentrating observations
near either boundary. This asymmetry prevents an exactly
symmetric input distribution from predetermining the
symmetry assessment. A symmetric Dirichlet distribution
with concentration parameter 2 generated the criterion
weights. Equal concentration assigns every criterion the
same expected weight, while a value of 2 permits variation
across scenarios and limits single-criterion dominance. A
normalized positive semidefinite matrix with maximum
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eigenvalue 1 represented correlated allocation risk. Risk
aversion followed a uniform distribution on [0.08, 0.18].
For any feasible allocation, x'"Rx < 1. The normalization
limits the risk penalty to 0.18 and sets its scenario-specific
upper bound within [0.08, 0.18] of the unit utility scale. The
generator retained all ten alternatives and every attribute
and risk relation, which defines complete sampling
coverage as a controlled assumption.

An alternative from the lowest utility tercile supplied
the anchor, which created a salient initial reference that
competed with the unbiased objective. Bias strength b
followed a uniform distribution on [0.35, 0.65]. One
draw defined each scenario, and the resulting value
remained fixed across iterations, paired replications, and
search configurations. This interval produced moderate
disturbances under the three implemented mechanisms:
anchoring drift ranged from 0.01225 to 0.02275,
confirmation resistance probability ranged from 0.1925
to 0.3575, and the overconfidence exponent ranged from
1.07 to 1.13. The initial population followed a Dirichlet
distribution with base concentration 0.8 and an anchor
increment of 5 + 12b. Under the selected bias interval, the
expected allocation share assigned to the anchor ranged
from 0.581 to 0.654. This calibration created a measurable
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bias-affected initial state while preserving allocation mass
for the remaining alternatives.

All configurations used a population of 50 candidate
solutions and an iteration limit of 500. The common
computational budget isolated differences in search
coordination from differences in available evaluations.
The GA used tournament selection with three candidates,
an elite count of two, a crossover probability of 0.90, a
mutation probability of 1/n = 0.10, and a mutation scale
0f 0.06. Evolutionary computation research provides the
broader methodological basis for GA search design [14],
while prior work demonstrates the integration of genetic
and swarm operators within a hybrid optimizer [20].
The present study fixes the stated GA parameters across
all relevant runs. The fixed GA-PSO configuration
used an inertia weight of 0.70, equal cognitive and
social coefficients of 1.50, and a velocity limit of 0.20.
Equal learning coefficients avoided a prior preference
for personal or social attraction, while the velocity
limit restricted a single particle movement relative to
the unit simplex. GA and PSO research documents the
importance of hyperparameter configuration [21], while
broader metaheuristic studies examine parameter tuning
and algorithm performance across search methods [62,
63]. The present study fixes these PSO values to maintain
a consistent configuration across comparative runs. The
hybrid schedule applied five PSO transitions followed
by a GA renewal of the half of the population with
the lowest objective values. This renewal introduced
population variation while preserving the other half of
the swarm.

MBIM retained the same objective function, population,
iteration budget, bias disturbance, and hybrid schedule.
Equations (14)-(17) governed its parameter adjustments.
Controller weights of 0.45, 0.30, and 0.25 assigned the
largest contribution to diversity loss because it measures
contraction of the search distribution, followed by
stagnation and anchor concentration. Their unit sum
bounded the exploration-demand signal. The parameter
mappings included the fixed GA-PSO values within
every adaptive interval and restricted all updates to the
ranges established in Section 3.6. These values constitute
a controlled baseline calibration that isolates search
behavior; organizational data remain necessary for external
validation.

One-factor-at-a-time ~ sensitivity  tests  examined
dependence on the baseline calibration. Alternative
attribute distributions used Beta (2.0, 2.0) and Beta (2.6,
1.8); criterion-weight concentrations used 1 and 4; risk-
aversion intervals used [0.04, 0.12] and [0.14, 0.24]; and
bias-strength intervals used [0.20, 0.50] and [0.50, 0.80].
Controller tests assigned equal signal weights, stagnation-
dominant weights (0.30, 0.45, 0.25), and bias-dominant
weights (0.30, 0.25, 0.45). Population and swarm size tests
used 30 and 70 candidates or particles against the baseline
size of 50. Each condition retained the other calibration
components, scenario identifiers, paired random seeds, and
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the 500-iteration budget. The analysis compared MBIM
with fixed GA-PSO under 12 scenarios and 30 paired
replications per scenario. Fourteen calibration conditions
produced 10,080 model runs.

The main experiment applied 100 paired replications
per scenario and held decision structure, bias exposure,
and computational budgets constant under GA, fixed
GA-PSO, and MBIM. Seed 638 defined the reproducible
scenario and search sequences, producing 1,200 runs per
configuration and 3,600 model runs. A projected-gradient
procedure calculated the numerical reference allocation
from a uniform starting point. The procedure used the

Vk+1

and stopped when successive allocations differed by less

step size , projected each update onto the simplex,

than 10" or when the iteration count reached 10,000.
Convergence time identified the first 20-iteration window
in which every best-recorded objective value differed from
the terminal value by at most 107. Paired comparisons
used 2,000 bootstrap samples to estimate 95% confidence
intervals and paired standardized differences. Effect-size
calculation divided the mean within-pair difference by the
standard deviation of within-pair differences. A confidence
interval excluding zero indicated configuration separation,
while an interval containing zero supported a comparable-
outcome interpretation.

SRI validation comprised 1,080 model runs across
12 scenarios, 30 replications, and three configurations.
Scenario definitions, random seeds, population size, and
500 iterations matched the main experiment. Population
diversity measured candidate dispersion [29]. Shannon
entropy measured allocation concentration. Metaheuristic
research treats exploration-exploitation balance as a
central design concern [12]. This validation used binary
exploration-exploitation entropy and proportional balance
as alternative measures of search balance. Spearman
correlations assessed SRI associations, 2,000 bootstrap
samples estimated 95% confidence intervals, and discount
factors of 0.95, 0.98, and 1.00 tested temporal sensitivity.
Six metrics represented outcomes (DA and BRR), search
structure (SRI and CS), and computational operation
(AE and Adaptivity Index). The set combined established
quality and convergence measures with bias correction,
symmetry, stability, and adaptive control. Pooled and
configuration-specific Spearman correlations assessed
metric relationships; an absolute coefficient of 0.90 or
greater indicated potential redundancy. Table 3 defines
their operational forms.
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Table 3. Evaluation metrics and operational definitions

Metric Operational form Interpretation
. X)) - F(x, inal decision quality relative to the
DA clip|1-— L )= F(x;) Final decision quality relati h
max{F(x'’)-F(a), &} numerical reference and anchor
—x7
Bias Reduction Rate clinl 1— "XT s 0.1 Movement from the anchor toward the
(BRR) P max {" I g} > numerical reference
H b
SRI Equation (20) Temporal proportlona}ltx of exploration
and exploitation
cs clip| 1— SD(4F)) 0.1 Variation in the best-recorded objective
max{max, F, —min, F,, ¢} » increments
AE 1/t, Inverse of the convergence iteration
1 Iz Mean Euclidean change in the six-
Adaptivity Index —Z"GM -9, ||2 parameter vector across consecutive
r-li iterations; zero indicates fixed parameters
In Table 3. clip[z, 0, []=min{l, max{0, z}}, x'’ multipliers v, an allocation x satisfies

denotes the numerical reference allocation, x, denotes
the final best-recorded allocation, a denotes the anchor, F,
denotes the best-recorded objective value at iteration ¢, ¢,
denotes the convergence iteration, and 0, contains the GA
and PSO parameters at iteration 7.

Adaptivity Index measures controller activity
through changes in the six GA and PSO parameters. Its
mathematical definition calculates the mean Euclidean
change in the parameter vector across consecutive
iterations. A zero value represents fixed parameter settings,
and positive values capture the magnitude of controller-
induced parameter adjustment.

3.6 Mathematical properties and convergence
analysis

The feasible set 4" is nonempty, closed, and bounded,
which makes it compact. The objective function F(x) =u'x
— px'Rx is continuous on this set. Symmetry and positive
semidefiniteness of R give

V’F(x)=-2pR <0 (1)

Concavity and compactness guarantee the existence of
a global maximizer. The scenario generator forms R from
BB and normalizes it by its largest eigenvalue, where B
is a square matrix with independent Gaussian entries. The
matrix BB" is positive definite with probability one. Since
p > 0, strict concavity gives a unique maximizer for each
generated scenario.

The Karush-Kuhn-Tucker conditions characterize this
maximizer. For the equality multiplier x# and nonnegativity
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u—2pr*—/11+v:0, I'x" =1, x>0, v>0, vl.x: =0(22)

These conditions are necessary and sufficient because
the objective is concave and the feasible constraints are
affine. They provide the theoretical basis for the projected-
gradient reference calculation used in Section 3.5.

Every GA, PSO, and cognitive-bias transition applies
Euclidean projection to a proposed vector z:

I1,(z) = argmin"x - z"z (23)

An*]

Projection preserves nonnegativity and the unit-sum
constraint. Euclidean projection onto a closed convex set
iS nonexpansive, so

l7.@ -1, <|z-l, 24

This property keeps every candidate feasible and
prevents projection from amplifying the distance created
by a search transition.

The controller inputs satisfy 0 < d, s, g, < 1. The
nonnegative signal weights in Equation (14) sum to one,
which gives 0 < r, < 1. Substitution into Equations (15)-
(17) yields 0.40 < 0, <090, 1.10 < ¢, ,, ¢, , < 2.00, 0.65
<p.., <095 002<p,, <025 and 0.02 < 5, , < 0.16.
These intervals contain the fixed GA-PSO parameters and
prevent unbounded controller output.

Let M, denote the highest objective value retained
through iteration #:
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M, = 1gkIsItl,Ell§'gN F(X’? 0 (25)
Elitist retention and personal-best storage give
M, =max {Mt, max F(x, m)} >M, (26)
<i<N ’

Continuity on the compact simplex supplies a finite
upper bound F”, so M, < F". The monotone convergence
theorem therefore gives

limM, =M, M <F"

t—>©

27

This proof establishes convergence of the retained best-
objective sequence under all three configurations. Its scope
concerns objective-value convergence under bounded
search parameters. Particle-wise convergence and certain
attainment of the global maximizer require additional
reachability assumptions beyond the claims evaluated in
this study.

3.7 Validation and evaluation module

DSR treats artifact evaluation as a core stage of the
research process [48, 49]. Venable et al. [58] propose the
Framework for Evaluation in Design Science Research
(FEDS), which classifies simulations and controlled
experiments as forms of artificial evaluation. The present
study evaluates the instantiated artifact through repeated
computational experiments and comparative configuration
analysis to assess the robustness of decision trajectories.
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.

Comparator selection follows a nested configuration
design. GA provides the evolutionary-search reference.
Fixed GA-PSO adds swarm coordination while retaining
constant parameters. MBIM retains the same GA-PSO
operators and introduces bounded bias-responsive control.
This sequence isolates the effects of hybridization and
adaptive control. Adaptive GA, adaptive PSO, Differential
Evolution, Covariance Matrix Adaptation Evolution
Strategy (CMA-ES), and reinforcement learning-based
optimization introduce different operators or learning
formulations and address cross-algorithm optimization
performance. Comparative claims concern the three nested
configurations and the specified scenario space.

The fixed GA-PSO and MBIM comparison serves as
a controller ablation because both configurations share
the objective function, search operators, hybrid schedule,
bias disturbances, population size, iteration budget, and
paired random seeds. Their defining difference concerns
the adaptive controller. Paired differences in outcome
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and process measures identify the behavioral changes
associated with controller activation under the specified
experimental conditions.

The evaluationmodule focuses on characterizing stability
and structural differentiation in decision trajectories across
configurations. Convergence behavior and trajectory
patterns indicate whether configuration-specific behavioral
profiles persist under controlled experimental settings.
The SRI describes the exploration-exploitation relation
as an empirical property of the decision process, enabling
systematic comparison among GA, fixed GA-PSO, and
MBIM.

Validation emphasizes robustness as the consistency of
metric patterns and trajectory properties observed across
repeated trials. MBIM provides a structural regulation
mechanism that shapes decision dynamics under bias
exposure, while the evaluation module supports systematic
characterization and comparison through observable
indicators derived from experimental outcomes. These
procedures establish technical and analytical utility under
controlled conditions. Organizational utility requires
a subsequent naturalistic evaluation that uses expert
assessment, user studies, historical decision records, or
field implementation.

4. Results

Results identify distinct process profiles across GA,
fixed GA-PSO, and MBIM under a common experimental
design. All configurations achieve high DA, while fixed
GA-PSO and MBIM record stronger bias reduction than
GA. GA records the highest symmetry and stability,
MBIM occupies an intermediate position, and fixed GA-
PSO records the lowest values. Parameter adaptation
distinguishes MBIM from both fixed configurations.

4.1 Output characteristics

All three configurations completed 1,200 runs
and produced finite, feasible outputs. The retention
mechanisms preserved the highest recorded objective
value across iterations. Convergence timing differed across
configurations.

Figure 2 presents representative convergence trajectories
for GA, fixed GA-PSO, and MBIM.

The representative run shows that MBIM reaches
its terminal objective value at iteration 9 and fixed GA-
PSO at iteration 11. GA follows a gradual sequence of
improvements and reaches a lower terminal value at
iteration 411.

These trajectories characterize outcome convergence
under a shared objective and bias disturbance. SRI, CS,
AE, and adaptivity provide the corresponding process-
level distinctions.
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Representative convergence trajectories
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Figure 2. Representative convergence trajectories for the partner-selection scenario with anchoring bias (Scenario 1, replication 1, seed 638)

4.2 Metric-level performance
4.2.1 DA

DA averaged 0.965 for GA, 0.991 for fixed GA-PSO,
and 0.991 for MBIM. Paired differences from GA reached
0.0263 for fixed GA-PSO and 0.0264 for MBIM. Bootstrap
analysis produced 95% confidence intervals of [0.0235,
0.0292] for fixed GA-PSO minus GA and [0.0236, 0.0292]
for MBIM minus GA. MBIM exceeded fixed GA-PSO by
0.00006; its confidence interval ranged from 0.00000 to
0.00013.

Fixed GA-PSO and MBIM achieved comparable
practical accuracy. Their standardized paired difference
of 0.050 indicates a small separation. Both hybrid
configurations improved final solution quality relative to
GA under the shared experimental conditions. DA evaluates
outcome attainment, while process-level indicators assess
search dynamics.

4.2.2 BRR

BRR averaged 0.909 for GA, 0.967 for fixed GA-PSO,
and 0.968 for MBIM. Paired differences from GA reached
0.0583 for fixed GA-PSO and 0.0585 for MBIM. Bootstrap
analysis produced 95% confidence intervals of [0.0528,
0.0638] for fixed GA-PSO minus GA and [0.0530, 0.0641]
for MBIM minus GA. The MBIM minus fixed GA-PSO
difference reached 0.0002, and its confidence interval
included zero.

Fixed GA-PSO and MBIM achieved comparable bias
contraction. Their standardized paired difference of 0.050
indicates a small separation. Comparable BRR values
coexist with different symmetry profiles, which separates
distortion contraction from exchange symmetry.

4.2.3 SRI

Mean SRI values followed this order: GA, 0.604; MBIM,
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0.347; fixed GA-PSO, 0.162. Pairwise comparison yielded
these differences: GA minus fixed GA-PSO, 0.4411; GA
minus MBIM, 0.2567; MBIM minus fixed GA-PSO,
0.1845. Bootstrap analysis yielded these 95% confidence
intervals: GA minus fixed GA-PSO, [0.4305, 0.4508]; GA
minus MBIM, [0.2477, 0.2664]; MBIM minus fixed GA-
PSO, [0.1809, 0.1881]. The standardized MBIM minus
fixed GA-PSO difference reached 2.884.

These mean scores imply the following weighted minor-
component shares: GA, 0.302; MBIM, 0.174; fixed GA-
PSO, 0.081. Corresponding dominant shares reach 0.698,
0.826, and 0.919. Exploration and exploitation trajectories
identify the dominant search function.

Rankings by SRI differ from those based on DA and
BRR. GA records the highest symmetry with lower
outcome and bias-reduction values. Fixed GA-PSO and
MBIM achieve comparable DA and BRR, with MBIM
recording higher symmetry. These patterns identify SRI
as a descriptive structural indicator of search allocation.
Performance evaluation requires separate consideration
of DA, bias reduction, stability, efficiency, and adaptivity.
Appropriate  interpretation concerns the observed
search structure and its relation to these complementary
performance dimensions.

4.2.4 CS

Mean CS values followed this order: GA, 0.989; MBIM,
0.982; fixed GA-PSO, 0.981. Pairwise comparison yielded
these differences: GA minus fixed GA-PSO, 0.0086; GA
minus MBIM, 0.0077; MBIM minus fixed GA-PSO,
0.0009. Bootstrap analysis yielded these 95% confidence
intervals: GA minus fixed GA-PSO, [0.0084, 0.0088]; GA
minus MBIM, [0.0075, 0.0078]; MBIM minus fixed GA-
PSO, [0.0009, 0.0010].

All configurations maintained high CS. GA recorded the
highest value despite lower DA and BRR. MBIM exceeded
fixed GA-PSO by 0.0009. Narrow dispersion in the paired
differences produced a standardized difference of 0.906.
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Stability captures trajectory consistency as a distinct
process property.

4.2.5 Adaptivity Index

Adaptivity Index distinguished MBIM from the two
fixed configurations. MBIM recorded a mean Adaptivity
Index of 0.0587, while GA and fixed GA-PSO recorded
zero because both retained constant parameters. Both
MBIM contrasts produced a paired difference of 0.0587 and
a standardized difference of 12.455. Confidence intervals
covered [0.0585, 0.0590] against GA and [0.0584, 0.0590]
against fixed GA-PSO.

MBIM adjusted six GA and PSO parameters in response
to the controller signals. GA and fixed GA-PSO retained
their specified values during the runs. Comparable DA and
BRR values for MBIM and fixed GA-PSO indicate that
Adaptivity Index captures parameter activity as a process

property.

4.2.6 AE

Hybrid search produced the main efficiency advantage.
Mean AE followed this order: fixed GA-PSO, 0.0787;
MBIM, 0.0738; GA, 0.0084. Confidence intervals
confirmed both hybrid contrasts: fixed GA-PSO minus
GA, [0.0684, 0.0720]; MBIM minus GA, [0.0638,
0.0670]. Fixed GA-PSO exceeded MBIM by 0.0049, with
a confidence interval of [0.0038, 0.0060].

Both hybrid configurations achieved greater
efficiency than GA. Fixed GA-PSO held a modest
advantage over MBIM, and their standardized paired
difference reached 0.246. MBIM recorded higher
SRI and CS with a lower AE than fixed GA-PSO.
AE captures convergence speed and complements the
outcome and structural indicators.

Table 4 reports the metric values used in the analysis.

Table 4. Main experiment metric values across search configurations

Search configuration DA SRI CS AE BRR Adaptivity Index*
GA 0.965 0.604 0.989 0.0084 0.909 0.0000
Fixed GA-PSO 0.991 0.162 0.981 0.0787 0.967 0.0000
MBIM 0.991 0.347 0.982 0.0738 0.968 0.0587

*GA and fixed GA-PSO retain fixed parameters and record Adaptivity Index = 0. MBIM adjusts its parameters through the adaptive

controller and records Adaptivity Index = 0.0587.

4.3 Cross-module behavioral interpretation

MBIM combines outcome attainment with adaptive
search control. It recorded DA = 0.991, BRR = 0.968,
SRI = 0.347, and Adaptivity Index = 0.0587. This profile
couples strong correction with intermediate symmetry and

active parameter adjustment.

Fixed GA-PSO emphasizes outcome correction and
efficiency. It recorded DA = 0.991, BRR = 0.967, AE =
0.0787, and SRI = 0.162. Fixed hybrid coordination
combines strong correction and the highest efficiency with
the lowest symmetry.

Table 5. Behavioral profiles of search configurations under biased evaluation

Search. Behavioral orientation Structural pattern Bias response Stability and efficiency profile
configuration mode
GA Symmetry and stability High symmetry with fixed - Moderate bias Highest stability; lowest efficiency

Fixed GA-PSO Efficiency and outcome

evolutionary search

Low symmetry with fixed

contraction

Strong bias High stability; highest efficiency

correction hybrid search contraction
Intermediate symmetry . . . . o
MBIM Adaptive integration with adaptive hybrid Strong blas High stability and efficiency; active
search contraction parameter control

*Behavioral profiles synthesize Table 4 metrics and Section 4.3 interpretations. Each profile identifies a dominant process orientation.
Performance assessment requires joint consideration of outcome, symmetry, stability, efficiency, bias reduction, and adaptation.
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GA forms a distinct profile. It recorded SRI = 0.604
and CS = 0.989, leading the three configurations on both
measures, while DA = 0.965, BRR = 0.909, and AE =
0.0084 fell below the hybrid values. Gradual convergence
combines symmetry and stability with lower outcome
correction and efficiency.

These profiles show that symmetry, accuracy, bias
reduction, stability, efficiency, and adaptation represent
distinct performance dimensions. A configuration can
lead on one dimension and occupy a different position on
another.

Table 5 presents the behavioral profiles derived from the
cross-module interpretation.

4.4 Comparative performance synthesis

Comparison of GA with fixed GA-PSO isolates hybrid
coordination. Fixed GA-PSO produced DA, BRR, and AE
gains of 0.0263, 0.0583, and 0.0702. GA retained higher
SRI and CS; the gaps reached 0.4411 and 0.0086. These
contrasts show that fixed hybrid coordination strengthens
outcome correction and efficiency while reducing
symmetry and stability.

MBIM and fixed GA-PSO provide a controller ablation
test. Both configurations share the hybrid operators,
objective function, bias disturbances, computational
budget, and paired random seeds. Controller activation
increases SRI by 0.1845, CS by 0.0009, and Adaptivity
Index by 0.0587. DA and BRR show comparable values,
while fixed GA-PSO retains a 0.0049 AE advantage. These
results link adaptive control to changes in symmetry,
stability, and parameter activity while preserving DA and
bias reduction.

The comparative synthesis concerns GA, fixed GA-
PSO, and MBIM within the specified scenario space. Its
claims address mechanism-level process regulation. These
patterns clarify how structural properties shape decision
behavior under biased evaluation without reliance on
accuracy differences alone.

4.5 Sensitivity, robustness, and SRI validation
4.5.1 Calibration sensitivity and pattern robustness

All 14 calibration conditions produced positive MBIM
minus fixed GA-PSO differences for SRI, CS, and
Adaptivity Index. SRI differences ranged from 0.1082 to
0.2112, CS differences ranged from 0.0008 to 0.0012, and
Adaptivity Index differences ranged from 0.0279 to 0.0638.
All 95% bootstrap confidence intervals for these metrics
excluded zero. AE differences ranged from —0.0103 to
—0.0034, and every interval fell below zero. Adaptive
control produced greater symmetry, stronger CS, persistent
parameter activity, and a consistent efficiency cost under
every calibration.

The [0.20, 0.50] bias-strength interval produced SRI and
Adaptivity Index differences of 0.1867 and 0.0542. Higher
bias strength under [0.50, 0.80] produced corresponding
differences of 0.1754 and 0.0638. Confidence intervals for
all four differences excluded zero.

DA differences ranged from 0.0000 to 0.0008, and BRR
differences ranged from 0.0000 to 0.0093. Most confidence
intervals included zero; the remaining intervals indicated
small MBIM gains under selected conditions. The main
outcome profile persisted in every calibration, as fixed GA-
PSO and MBIM produced comparable decision quality
and bias reduction.

Controller-weight changes produced the largest
reductions in the SRI and Adaptivity Index effects. Bias-
dominant weights reduced the SRI difference to 0.1082 and
the Adaptivity Index difference to 0.0279, but both values
stayed positive. Risk-high calibration increased the SRI
difference to 0.2112, and bias-high calibration increased
the Adaptivity Index difference to 0.0638. Difference-in-
differences estimates showed changes in effect magnitude
and preserved the baseline directions for SRI, CS, AE, and
Adaptivity Index.

Table 6. Calibration sensitivity and pattern robustness

Baseline paired

Metric difference Minimum Maximum Pattern under 14 conditions
DA 0.0000 0.0000 0.0008 Comparable accuracy with small MBIM gains
BRR 0.0000 0.0000 0.0093 Comparable bias reduction with small MBIM gains
SRI 0.1839 0.1082 0.2112 Positive under all conditions
CS 0.0009 0.0008 0.0012 Positive under all conditions
AE —0.0044 —0.0103 —0.0034 Negative under all conditions
Adaptivity Index 0.0587 0.0279 0.0638 Positive under all conditions

Note: Values represent paired MBIM minus fixed GA-PSO differences. Positive SRI, CS, and Adaptivity Index values indicate higher
MBIM values. Negative AE values indicate lower MBIM efficiency. All confidence intervals for SRI, CS, AE, and Adaptivity Index
excluded zero. Complete confidence intervals and difference-in-differences estimates appear in the supplementary material.
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Population and swarm size produced limited change in
the SRI effect. Size 30 yielded an MBIM minus fixed GA-
PSO SRI difference of 0.1822, size 50 yielded 0.1839, and
size 70 yielded 0.1844. Difference-in-differences estimates
relative to the size-50 baseline reached —0.0017 for size 30
and 0.0005 for size 70; their 95% confidence intervals were
[—0.0048, 0.0014] and [—0.0019, 0.0027]. Both intervals
included zero. Adaptivity Index differences reached 0.0602
at size 30, 0.0587 at size 50, and 0.0582 at size 70. These
values show that adaptive activity remained positive
while its magnitude displayed scale sensitivity. Table 6
summarizes the baseline estimates and full ranges; the
supplementary material reports all condition-level results.

4.5.2 SRI validation and temporal sensitivity

SRI validation comprised 1,080 model runs. The design
combined 12 scenarios, 30 paired replications per scenario,
and three search configurations. A discount factor of 0.98
yielded these Spearman correlations with SRI: binary
exploration-exploitation entropy, 0.9877; proportional
balance ratio, 0.9959; raw population diversity, 0.9781;
and best-allocation entropy, 0.6480. The three correlations

above 0.97 confirm consistent rankings for search balance
and dispersion. A weaker association with best-allocation
entropy shows that exchange symmetry and allocation
concentration capture related but distinct analytical
properties.

Mean SRI reached 0.6137 for GA, 0.1619 for fixed GA-
PSO, and 0.3457 for MBIM. MBIM exceeded fixed GA-
PSO by 0.1839, with a 95% bootstrap confidence interval
of [0.1771, 0.1903]. All 360 paired observations recorded
a positive SRI difference. Binary entropy, proportional
balance, and population diversity produced the same
directional result. Best-allocation entropy yielded a mean
paired difference of —0.00002, with a 95% confidence
interval of [—0.00007, 0.00000]. Adaptive parameter
control therefore changed the exploration-exploitation
structure while preserving the concentration profile of
the best allocation. Temporal discounting preserved the
configuration order at 0.95, 0.98, and 1.00. GA ranked first
under all three settings, MBIM ranked second, and fixed
GA-PSO ranked third. Pairwise Spearman coefficients
ranged from 0.9488 to 0.9966 and supported temporal
stability. Table 7 reports the indicator comparisons and
temporal sensitivity results.

Table 7. SRI validation and temporal sensitivity results

Panel A. Indicator comparison at a discount factor of 0.98

Indicator GA Fixed GA-PSO MBIM Spearman’s rho with SRI
SRI 0.6137 0.1619 0.3457 -
Binary exploration-exploitation entropy 0.8326 0.3540 0.5586 0.9877
Proportional balance ratio 0.4929 0.0955 0.2481 0.9959
Raw population diversity 0.0308 0.0064 0.0148 0.9781
Best-allocation entropy 0.3398 0.2232 0.2232 0.6480
Panel B. SRI sensitivity to temporal discounting
Discount factor GA Fixed GA-PSO MBIM
0.95 0.6125 0.1638 0.3511
0.98 0.6137 0.1619 0.3457
1.00 0.6511 0.1782 0.3515

Note: Spearman coefficients use all 1,080 model runs. Higher SRI, binary entropy, and proportional balance indicate greater exploration-
exploitation symmetry. Population diversity measures candidate dispersion, while best-allocation entropy measures allocation

concentration.

4.5.3 Metric relationships and redundancy

CS and AE produced the largest pooled absolute
Spearman correlation, —0.7507. DA and BRR followed
at 0.7072. SRI showed coefficients of —0.6491 with AE,
—0.6261 with BRR, —0.5592 with DA, and 0.4347 with
CS. Configuration analysis identified BRR and SRI as the
strongest pair under GA at —0.8448, DA and SRI under
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fixed GA-PSO at —0.7786, and BRR and SRI under MBIM
at —0.7239. Constant Adaptivity Index values prevented
configuration-level estimates for GA and fixed GA-PSO.
MBIM yielded absolute Adaptivity Index correlations from
0.0240 to 0.2928. Every eligible coefficient fell below the
0.90 threshold and satisfied the prespecified distinction
criterion. Results support related but distinct roles for
outcome, search structure, and computational operation
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metrics. Supplementary Material reports the complete
pooled and configuration-specific matrices.

5. Discussion

5.1 Interpretation of core results

Bias intervention in the present decision model operates
through structural adjustment of search behavior. Fixed
GA-PSO and MBIM achieved comparable DA and bias
reduction, yet their SRI and Adaptivity Index values
differed. This contrast separates outcome correction,
symmetry regulation, and adaptive parameter control.

The contrasting profiles connect search structure,
parameter control, and outcome performance and answer
the research question. Metric relationships support distinct
roles for outcome, search structure, and computational
operation measures.

Validation results clarify the measurement role of SRI.
Strong associations with binary entropy, proportional
balance, and population diversity demonstrate convergence
among measures of exploration-exploitation structure.
Normalized diversity operationalizes exploration, which
explains its association with population diversity. The
lower association with best-allocation entropy and the
near-zero difference across MBIM and fixed GA-PSO
distinguish allocation concentration from exchange
symmetry. SRI therefore represents a structural diagnostic
rather than a general performance ranking. A complete
interpretation of decision behavior combines SRI with
DA, bias reduction, CS, AE, and adaptivity. Exploration
and exploitation values identify the direction of dominance
because exchange invariance assigns the same SRI to equal
proportional imbalances in opposite directions.

5.2 Illustrative application to business

development decisions

Structural patterns in the simulation provide analytical
analogues for three business development tasks. Partner
selection treats candidate firms as alternatives, commitment
shares as allocation variables, and strategic fit, capability
complementarity, governance readiness, and collaboration
quality as criteria. Investment prioritization treats projects
as alternatives, resource shares as allocation variables,
and return potential, strategic fit, execution feasibility, and
resource compatibility as criteria. Opportunity assessment
treats markets or initiatives as alternatives, evaluation
effort as the allocation variable, and market attractiveness,
capability fit, timing readiness, and implementation
feasibility as criteria. A salient initial option supplies the
anchor in every mapping.

Within these mappings, population diversity represents
the breadth of the candidate set, anchor concentration
captures adherence to an initial preference, and SRI
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measures exploration-exploitation symmetry. MBIM
recorded SRI = 0.347, DA =0.991, BRR = 0.968, and CS
= 0.982. Fixed GA-PSO produced lower symmetry, SRI
= 0.162, with comparable DA and BRR but lower CS.
GA produced higher symmetry, SRI = 0.604, with lower
DA and BRR. These profiles show why SRI functions as
a process diagnostic and requires joint interpretation with
outcome and stability measures.

Organizational evaluation requires calibration through
decision criteria, historical logs, expert judgments, and
observed outcomes. Such evaluation can examine whether
the resulting trajectories capture search contraction,
adherence to an initial preference, and changes in symmetry.
Field studies can test whether these indicators identify
commitment imbalance and improve intervention timing
or decision quality. The present evidence establishes an
application mapping and an implementation specification;
organizational evidence will determine managerial
usefulness.

5.3 Adaptivity and design science implications

From a design science perspective, MBIM functions as
a behavioral computational artifact that embeds rationality
and control assumptions. SRI operates as a diagnostic signal
of exploration-exploitation symmetry, while Adaptivity
Index records controller-induced parameter changes that
regulate search imbalance. MBIM’s mean Adaptivity
Index of 0.0587 documents parameter adjustment during
execution; zero values for GA and fixed GA-PSO reflect
their fixed specifications. This distinction separates
adaptive control from symmetry assessment and outcome
performance.

This design logic supplies a testable decision-support
specification. Organizations can record diversity, anchor
concentration, parameter changes, SRI, CS, and bias
reduction during repeated evaluation. Comparison with
managerial judgments and observed outcomes can
determine whether these indicators detect commitment
imbalance and support intervention.

Current evidence establishes the artifact’s technical
and analytical behavior under controlled conditions.
Practical evaluation requires expert assessment and user
interaction to examine interpretability, usability, and
intervention timing. Organizational evaluation requires
historical decision records and field implementation to
assess decision quality and contextual fit. These evaluation
stages extend the present computational assessment toward
practical and organizational validation.

5.4 Theoretical and managerial implications

Exchange symmetry functions in this study as a
measurable structural property of algorithmic decision
processes. Cognitive bias reshapes exploration-exploitation
allocation, while CS and parameter adaptation describe
distinct features of the resulting search trajectory. This
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perspective provides a computational representation of
bias-induced changes in search allocation as observable
properties of search structure.

The design science contribution arises from an
executable artifact that integrates bias-responsive parameter
control, symmetry assessment, and process-level diagnosis
within an established GA-PSO architecture. Population
diversity, search stagnation, and anchor concentration
trigger bounded changes in search parameters. SRI and
complementary indicators characterize the resulting
decision trajectories. Algorithmic novelty resides in the
artifact configuration and analytical use of adaptive search
control. Established GA and PSO operators provide the
computational foundation.

The framework proposes a managerial diagnostic logic
for field evaluation. Decision teams can define alternatives,
criteria, risk estimates, and the salient initial option. MBIM
can monitor SRI, CS, and bias reduction during staged
evaluation. Declining symmetry under stable convergence
indicates search concentration, while reduced stability
indicates an unsettled trajectory. Historical decision logs
and observed outcomes must determine whether these
signals improve intervention timing or decision quality.

This study contributes to the literature in three respects.
First, it conceptualizes bias intervention as structural
regulation within algorithmic decision processes. Second,
it develops a decision-analysis artifact that integrates bias
characterization, established GA-PSO search, configuration
control, and process-level assessment of bias-affected
decision dynamics. Third, it specifies complementary
indicators that distinguish search structure, stability, bias
reduction, adaptivity, and efficiency from DA.

Controlled simulation isolates structural dynamics
under fixed bias conditions and permits direct comparison
among search configurations. This design establishes
computational behavior within the specified scenario space.
The resulting evidence supports technical and analytical
evaluation of the artifact under controlled conditions. Real
organizational decisions incorporate social interaction,
institutional constraints, changing criteria, and outcome
feedback. Empirical validation requires decision data
that connect the simulated mechanisms and indicators
to observed organizational processes and outcomes.
Parameter settings in the present study represent stylized
decision environments.

Sampling bias can precede search-stage bias by changing
the alternatives, attributes, and relationships available to
the artifact. Shang [67] shows that uniform and nonuniform
missing-data processes can produce different estimates of
network robustness because topology, sampling method,
attack mode, and missing-data level shape the observed
subgraph. This insight implies that underrepresentation of
partner types, projects, markets, or interdependencies can
alter the candidate set, criterion matrix, and risk structure
received by MBIM. The present simulation fixes sampling
coverage and supports conclusions conditional on its data-
generation assumptions. Future experiments can introduce
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uniform omission, nonuniform omission, selection bias,
and corrupted relationship data to evaluate the persistence
of the reported configuration profiles.

The calibration analysis varied population and swarm
size, attribute distributions, criterion concentration,
risk aversion, bias strength, and controller weights.
Paired seeds and a common initialization rule controlled
the initial search states. MBIM treated crossover and
mutation probabilities as controller-regulated parameters,
while fixed GA-PSO retained its baseline settings as the
experimental control. Classical benchmark functions
assess cross-algorithm optimization generalizability; the
present evaluation examines a decision-analysis artifact
across controlled allocation landscapes.

Practical validation requires historical decision logs,
expert-calibrated criteria, and observed outcomes from
partner selection, investment prioritization, or opportunity
assessment. Such evidence can test predictive validity,
contextual calibration, and managerial usefulness. Future
research can test cross-algorithm generalizability by
benchmarking MBIM against adaptive GA, adaptive
PSO, Differential Evolution, CMA-ES, and reinforcement
learning-based optimization.

6. Conclusion

This study develops the MBIM to examine bias-affected
search dynamics in controlled simulations. Results show
that MBIM maintains DA and bias reduction comparable
to fixed GA-PSO while producing higher SRI and CS.
MBIM’s positive Adaptivity Index documents controller-
induced parameter adjustment during execution, and
decision quality requires joint interpretation of adaptivity,
symmetry, stability, and outcome attainment. Exchange
symmetry provides the study’s theoretical framing.
SRI expresses equality in normalized exploration
and exploitation as a measurable search property.
Computational results show how cognitive bias changes
this property across simulated allocation scenarios. The
conceptual contribution applies exchange symmetry to
exploration-exploitation dynamics and operationalizes
symmetry departure through SRI. MBIM supplies an
executable setting that examines how bounded parameter
control changes this structure under cognitive bias. Results
support this computational interpretation across the tested
scenarios and calibration conditions.

From a design science perspective, MBIM embeds
behavioral assumptions in an executable computational
artifact and makes bias regulation observable at the
process level. Structural indicators support evaluation of
search behavior beyond outcome accuracy. The design
science contribution resides in artifact construction,
executable specification, and technical evaluation.
Controlled computational experiments provide technical
and analytical evidence within the specified scenario
space. Organizational evaluation requires representative
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sampling, heterogeneous agents, stochastic signals,
delayed feedback, historical decision records, and observed
outcomes. Such evidence can assess contextual calibration,
managerial usefulness, and theoretical generalizability.
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