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Abstract—Modeling and simulation (M&S) have become in-
dispensable “tools for thinking” across science, engineering, and
politics, to explore, understand, and analyze complex systems.
Increases in model size, model complexity, and simulation speed
result in the growing need to channel users’ cognitive focus
toward the most creative and insightful M&S tasks. This pa-
per proposes a conceptual model that aligns the core M&S
stages—model creation, simulation, and analysis—with Peirce’s
retroduction cycle, an integrated reasoning process combining
abduction, deduction, and induction. We clarify the distinct cog-
nitive strengths of each reasoning mode—creativity, soundness,
reliability, generalizability, and computability—and systemati-
cally identify how computational and interactive interventions
can support these cognitive activities. OQur structured analysis
highlights opportunities for hybrid reasoning systems, guiding
users’ cognitive focus strategically to enhance insight generation
and creative problem-solving within complex M&S environments.

Index Terms—Interactive Intelligence, Hybrid Intelligence,
Retroduction, Reasoning, Modeling and Simulation

I. INTRODUCTION

Simulation environments span Pidd’s full spectrum of model
use—from fully automated, routine decision-support systems
to open-ended, exploratory “tools for thinking” that depend on
human insight and creativity, as illustrated in Fig. 1 [1]. While
computational capacity remains essential across this contin-
uum, especially to meet real-time and multi-scale demands,
the role of human reasoning is pivotal in exploratory settings
where sense-making, hypothesis generation, and interpretive
judgment drive discovery. Unlocking the full potential of such
simulations thus requires strategically guiding human cogni-
tive focus toward those reasoning activities where creativity
and insight are most valuable.

To fully exploit the cognitive opportunities provided by
M&S, it is beneficial to understand and intentionally orches-
trate the cognitive processes underlying M&S workflows. In
this paper, we adopt Peirce’s retroduction cycle—a triadic
reasoning framework comprising abduction (hypothesis gen-
eration), deduction (logical derivation), and induction (gener-
alization)—as a foundational lens [2], [3]. Through this lens,
the M&S process is reframed as a structured interplay of
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cognitive activities, each benefiting distinctly from targeted
computational and interactive supports.

Our primary contribution is not the invention of these
individual components, but their novel synthesis into a coher-
ent, reasoning-centric perspective on M&S. Specifically, we
propose a conceptual model that explains M&S effectiveness
by explicitly mapping its stages of model creation, simulation,
and analysis to Peirce’s retroduction cycle; we dissect the
workflow through this lens to identify key cognitive tasks
and opportunities for intervention; and we map these tasks
to computational and interactive tools from the literature,
showing how they can strategically amplify human reasoning.

Section II reviews the cognitive foundations of M&S and
maps reasoning modes to M&S stages. Section III dissects
each stage into constituent cognitive tasks and surveys com-
putational and interactive supports. Section IV concludes with
key insights and next research steps.

II. REASONING AND M&S

Reasoning is a complex cognitive process that integrates
prior knowledge with incoming information to produce in-
ferences and new insights [4], [5]. From a neuroscientific
perspective, reasoning relies on the Multiple Demand system,
which processes multiple inputs, selects task-relevant stim-
uli, and enables adaptation to novel problems [4]. Cogni-
tive psychology offers several theories to explain reasoning,
with mental model theory standing out as one of the most
empirically supported frameworks [5], [6]. Mental models
represent possibilities as relational structures that mirror real-
world situations, allowing individuals to simulate scenarios
and draw conclusions dynamically [7], [8]. Unlike classical
logic, mental models adapt to new information, enabling the
revision (defeasibility) or retraction (non-monotonicity) of
prior conclusions [7], [8]. According to dual-process theory,
intuitive reasoning typically relies on a single mental model,
while deliberative reasoning uses working memory to con-
struct and evaluate multiple models, supporting more complex
thought processes [7]. These features position mental model
theory as a strong foundation for understanding how humans
reason under uncertainty and complexity [8].

Peirce’s taxonomy divides reasoning into three mutually
supportive operations [2]. Deduction starts with a general



rule and a particular case, drawing a conclusion that must
follow. Induction works in the opposite direction, inferring a
broader rule from repeated case—result pairs. Abduction differs
from both: faced with an unexpected observation, it invents a
plausible explanatory case—a new hypothesis—whose truth
remains to be proven [9]. Thus, deduction preserves the truth
of what is already known, induction enlarges that knowledge
by generalisation, and only abduction contributes genuine
novelty [10], [11].
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Fig. 1: Spectrum of model use. Adapted from Pidd [1].

Peirce encapsulated these reasoning processes within retro-
duction, a meta-reasoning framework that cycles through
abduction, deduction, and induction [2], [9]: surprising ob-
servations first prompt abductive hypothesis formation; these
hypotheses are then examined deductively by deriving testable
implications; finally, inductive evaluation assesses empirical
evidence to refine or revise the hypotheses, progressively
updating the knowledge base. By continuously adjusting hy-
potheses in light of new observations, retroduction drives
scientific inquiry [3], whereas each discipline relies on unique
methods to translate mental models into representations to
effectively communicate and reason with [12].

Analogously to the retroduction cycle, modeling, simula-
tion, and analysis form an iterative process that drives scientific
inquiry [13], as illustrated in Fig. 2 models abstract reality
into conceptual, graphical, or mathematical representations
based on explicit assumptions and constraints. By simplifying
complex systems into manageable representations, models
enable targeted investigation and iterative refinement, main-
taining both accuracy and practical relevance. Simulation is
the computational execution of such a model through time or
space. Through simulation, users can systematically explore
potential system behaviors, test hypotheses under controlled
conditions, and reveal intricate interactions that might oth-
erwise remain obscured. Subsequent analysis of simulation
outcomes allows verification of model-derived hypotheses,
identification of meaningful patterns, and transformation of
raw data into actionable insights, thus driving the next cycle
of model refinement and knowledge generation. M&S is inher-
ently iterative and recursive. Iteratively, each cycle builds on
previous results to refine the models. Recursively, new insights
often require revisiting previous assumptions or hypotheses,
ensuring continuous alignment with observed phenomena [14].
The early stages focus on defining operational principles
and addressing uncertainties, while later iterations fine-tune
parameters and strengthen predictive capacity. Within this

process, nested reasoning loops emerge as all reasoning modes
interact dynamically at each stage. For example, the analysis
phase is predominantly inductive and aims at extrapolating
the data to broader conclusions. However, within this phase,
deduction helps rationalize the findings [10], while abduction
may introduce new theoretical perspectives when unexpected
patterns emerge. This interplay reinforces that M&S is not a
linear sequence but a deeply integrated reasoning process. By
externalizing reasoning into dynamic models and simulations,
MA&S transcends cognitive limits, enabling iterative knowledge
refinement and collaborative exploration of complex systems.

As depicted in Fig. 2, reasoning within M&S often spans
hierarchical dimensions, reflecting the inherent complexity
of natural and engineered systems. Multi-scale simulations
exemplify vertical reasoning, where interactions across spatial
and temporal scales—such as molecular to organ levels in
biology or nanoscale to macroscale processes in materials
science—uncover emergent properties and cascade effects
[15]-[17]. Horizontal reasoning, in contrast, addresses the
integration of distinct but interacting domains [16], such as
multiphysics simulations that combine fluid dynamics, heat
transfer, and structural mechanics [15]. These dimensions
show that retroduction operates coherently across scales and
domains, ensuring consistency and accuracy in understanding
complex systems.

Qualitative and quantitative approaches, meanwhile, provide
a complementary methodological perspective that cuts across
reasoning modes and hierarchical dimensions. Qualitative rea-
soning is the conceptual analysis of system behaviour through
symbolic or relational representations, emphasizing structure,
causality, and coherence without requiring numerical precision
[18]. In contrast, quantitative reasoning focuses on formal-
ization, numeric computation, and empirical validation to
achieve precise and predictive results [19]. Both are essential
throughout the M&S process: qualitative insights guide early-
stage model design, scenario framing, and result interpretation
[18], while quantitative methods are central to simulation
fidelity, calibration, and rigorous hypothesis testing [19]. These
approaches interweave dynamically, ensuring that reasoning is
both contextually grounded and empirically reliable [19].

Prior work has applied (retroductive) reasoning to related
fields like engineering design [9] and industrial engineering
[10]. However, to our best knowledge, a mapping for M&S
is lacking. This paper provides such a perspective, integrating
multi-scale views and systematically mapping the reasoning
cycle to modern, actionable interventions from Al and visual
analytics.

III. DISSECTING THE M&S REASONING CYCLE: TASKS
AND SUPPORT STRATEGIES

The retroduction cycle offers a structured lens for linking
core reasoning modes to practical M&S activities. Here we
use it to show why each mode matters for practitioners, how
it can be supported by computational or interactive tools, and
how their complementary strengths and limits can be captured
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Fig. 2: Multi-Dimensional Reasoning in M&S: This visualization depicts the interaction of reasoning modes within the
M&S retroduction cycle (right) and its expansion across hierarchical levels of abstraction (left). The spiral structure highlights
how knowledge accumulates iteratively through horizontal domain integration and vertical multi-scale reasoning, ensuring that
insights remain scalable and transferable across different resolutions.

through five features: creativity, soundness, reliability, gener-
alizability, and computability.

Creativity denotes the capacity to produce novel, useful
hypotheses; soundness ensures that conclusions are logically
or empirically correct given true premises; reliability measures
consistency under repeated use; generalizability captures how
well insights transfer to new situations; and computability
reflects the ease of formalising the process as an executable
algorithm.

Drawing on the comparative assessment by Pareschi et al.
[20], we adopt their qualitative positioning of each reasoning
mode along these dimensions, as illustrated in Fig. 31, Ab-
duction is a highly creative process but lacks soundness and
computability, as there is no systematic way to enumerate all
plausible explanations. Deduction, in contrast, is highly sound
and computable but generally less creative, as it unfolds conse-
quences from established premises. Induction stands between
these extremes: it is strong in generalizability and reliability.
Still, it offers only moderate soundness and creativity, and
its computability depends on the availability of data and
the complexity of the patterns being inferred. The relative
importance of these reasoning features shifts depending on
the model’s intended purpose. As shown in Fig. 1, adapted
from Pidd’s original framework [1], models can be used across
a spectrum—ifrom automating routine decisions to supporting
open-ended thinking and debate. At the routine end, model use
emphasizes computability, reliability, and soundness, favor-

'We directly translated the assessment presented in [20] to three values:
“Low” corresponds to 1 out of 3, “Medium” to 2, and “High” to 3.
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Fig. 3: Key features of the three reasoning modes.

ing deductive automation. Conversely, exploratory modeling
places greater value on creativity and generalizability, leaning
more heavily on abductive and inductive reasoning, often
supported by interactive tools. Recognizing where a modeling
effort falls on this spectrum helps clarify which cognitive
processes should receive the strongest computational support.

In this section, we focus on three core M&S stages -model
design, simulation execution, and analysis- mapping each to
its dominant reasoning mode. For each stage, we first dissect
the workflow into its constituent cognitive tasks, framed by



the guiding questions a practitioner would ask. We then
identify specific computational and interactive mechanisms
from the fields of artificial intelligence (Al), visual analytics,
and interface design that can support or automate the reasoning
required for these tasks. The goal of this detailed analysis is
to provide a concrete and actionable guide that demonstrates
how modern interventions can be strategically deployed to
reinforce the signature strengths of each reasoning mode. This
mapping highlights high-leverage opportunities for amplifying
human cognition, offering a clear rationale for designing
more effective M&S environments. A final summary table I
consolidates these findings.

A. Model Design as Abductive Reasoning

The initial phase of M&S, model design, is fundamen-
tally abductive reasoning. Confronted with a surprising phe-
nomenon or knowledge gap, modelers generate plausible hy-
potheses—conceptual models—to explain it. This creative, un-
certain process involves defining the core problem, proposing
causal mechanisms, drawing analogies, and stating assump-
tions.

Phenomenon Identification and Scope Definition: The
abductive process begins with identifying anomalies or gaps
in current understanding that justify modeling. This includes
recognizing patterns or behaviors that existing models fail
to explain and determining the conceptual boundaries of the
new model. Typical guiding questions include: What behavior
defies current explanation? and Which system components
are essential to include? This stage demands careful differ-
entiation between meaningful signals and background noise,
while avoiding premature closure in problem framing. Ab-
ductive reasoning thus serves as the starting point for model
construction, aiming to account for unexplained phenom-
ena by responding to theoretical or empirical inconsistencies
[11]. Anomaly detection systems, e.g. utilizing Variational
Autoencoders (VAESs), identify subtle irregularities in high-
dimensional data by reconstructing inputs and quantifying
deviations from expected behaviors. This enhances human
capability in discerning genuine phenomena amidst noise,
significantly improving reliability and soundness in initial
anomaly identification [21].

Hypothesis Generation: Once a phenomenon has been
identified, the next step is to generate candidate explana-
tions—provisional mechanisms, structures, or causal pathways
that might plausibly account for the observed behavior. Ques-
tions typically posed include: What mechanism could explain
this? or What if the system behaved in X way due to Y?
This task requires a balance of creativity and constraint, where
modelers draw on domain expertise, intuition, and conceptual
extrapolation [11]. Abductive Logical Programming frame-
works are useful for generating candidate hypotheses based
on logical rules and background knowledge [22]. These are
effective for overcoded abduction, where hypothesis spaces are
well-defined [23]. Large language models (LLMs), especially
when enhanced with retrieval augmentation (RAG), generate
hypotheses by querying extensive domain-specific literature,

facilitating expansive exploration of plausible explanations.
The generative breadth of LLMs boosts creativity and gener-
alizability of hypotheses. Although careful human oversight
remains necessary to preserve soundness due to potential
hallucinations or factual inaccuracies inherent in generative
models [24], [25]. Abductive Learning frameworks may refine
or correct hypotheses by iteratively minimizing inconsisten-
cies, thus strengthening soundness and reliability [26].

Analogical Reasoning: Modelers often extend the hypothe-
sis space by analogy, drawing from structurally or functionally
similar systems to inform their explanations. This involves
asking, What other systems have behaved like this? and What
mechanisms operated in those cases? Such analogical reason-
ing, a form of abductive reasoning [23], can reduce cognitive
load and increase explanatory plausibility, but it carries the risk
of false equivalence or superficial similarity. Case-based rea-
soning is a common formalism for this step, where past models
or cases are retrieved and adapted to the new context [27],
[28]. Case-based reasoning systems systematically retrieve
and adapt historical model cases using structured similarity
metrics, facilitating precise analogical transfers. Ontology-
driven platforms enhance analogy refinement by semantically
structuring concepts, thereby improving explanatory creativity
and reliability through grounding hypotheses in established
knowledge frameworks [29], [30].

Assumption Specification: As hypotheses take shape, mod-
elers must explicitly define their assumptions. Key questions
include: What are we assuming to be true? and What simpli-
fications are we introducing? This task is critical for ensuring
the model’s applicability and boundaries are well understood
[11]. Interactive tools for assumption management facilitate
this process by offering structured templates with uncertainty
indicators and version control. These tools enhance model
transparency and generalizability by systematically document-
ing and managing underlying assumptions [31].

B. Simulation Execution as Deductive Reasoning

Following the abductive model formulation, simulation ex-
ecution relies on deductive reasoning, translating hypotheses
into executable systems to derive logical consequences. This
stage emphasizes soundness, reliability, and computability,
ensuring that the simulation produces valid and verifiable
results from the established premises of the model. Key cog-
nitive tasks within this deductive process include model for-
malization, parameter calibration, verification, and controlled
exploration of system dynamics.

Inverse Problem Solving: Inverse problems begin with
observed outcomes and aim to infer underlying parameters or
structural forms. Modelers ask: Given specific outcomes, what
model configurations might have produced them? Challenges
include inherent ill-posedness, computational complexity, and
sensitivity to noisy data [15]. Differentiable programming and
physics-informed neural networks (PINNs) improve inverse
problem-solving by integrating simulation processes with
gradient-based optimization, allowing end-to-end learning of
parameters and physics-informed models [15], [32]. These



techniques automatically compute gradients concerning model
parameters, significantly reducing computational overhead
and efficiently navigating complex, high-dimensional solution
spaces. This approach noticeably improves computability by
providing a structured, efficient means of navigating solution
spaces. It strengthens reliability and soundness through rigor-
ous, mathematically grounded optimization. Generalizability,
however, depends strongly on the model formulation and the
underlying data quality.

Parameter Calibration: Once the model structure is fixed,
modelers adjust parameters to ensure that simulation outputs
align with empirical data. Parameter calibration is a subset of
inverse modelling, but in comparison, an optimisation problem
in a well-posed space [15]. Typical questions include: Which
parameter values best replicate the outcomes? and How sensi-
tive are outcomes to parameter variations? Challenges involve
high-dimensional search spaces, parameter identifiability, and
the risk of overfitting. Model calibration is necessary for
complex simulation models to create a structurally equiva-
lent abstraction of reality [33]. Bayesian optimization with
additive kernels achieves this by probabilistically modeling
the relationship between parameters and simulation outcomes,
efficiently navigating complex parameter spaces. By explicitly
incorporating uncertainty and prior domain knowledge into
its predictions, Bayesian optimization reliably converges on
parameter sets that robustly reproduce observed behaviors
without excessive computational effort [34].

Constraint and Code Verification: Before simulations can
be trusted, modelers must confirm that their implementation is
logically sound and aligns with known theoretical or empirical
constraints. Key questions include: Does the model comply
with theoretical and empirical constraints? and Are there
any coding errors affecting simulation integrity? Challenges
encompass hidden coding errors, numerical instability, and
ensuring user confidence. Symbolic reasoning frameworks,
constraint solving, and automated theorem proving enable
formal verification [35], ensuring that models and simulations
remain internally coherent and adhere to theoretical constraints
[36], providing a foundation for error detection, optimization,
and model refinement [37]. Such automated (computable) ver-
ification strongly enhances model soundness by systematically
detecting and correcting logical inconsistencies and coding
errors, thereby increasing model reliability.

Adaptive Control and Dynamic Scenario Exploration:
Complex simulations frequently produce unanticipated behav-
iors, prompting questions such as How can we effectively
investigate unforeseen dynamics without costly restarts? Adap-
tive scenario exploration addresses this by enabling interac-
tive, real-time parameter adjustments. The primary challenge
is managing cognitive overload from rapid feedback loops,
ensuring physical and numerical stability, and maintaining
responsive user interfaces. Interactive model steering interfaces
allow parameter adjustments during simulation runs, supported
by real-time visual feedback and guided exploratory analysis
[38], [39]. This human-in-the-loop approach supports cogni-
tive exploration, as modellers iteratively test hypotheses about

the causes and consequences of system dynamics, fostering
innovative insights and creativity. The immediate feedback en-
hances the modeller’s understanding of system dynamics, thus
may improve interpretative generalizability. However, allowing
continuous parameter manipulation can introduce variability
in simulation outcomes, potentially impacting reliability and
soundness if user interactions are insufficiently structured.

Cross-Dimension Reasoning: This task involves integrat-
ing knowledge about micro- and macro-level processes and
deciding which cross-scale links matter. Modelers consider:
How do micro-level interactions influence macro-level out-
comes? and Can the model effectively integrate data across
scales? Challenges include conceptual consistency across
scales, data translation, numerical stiffness, and heavy com-
putational demand. Multi-scale modeling remains challenging
due to the need for different technical skills at each scale and
the necessity to solve novel mathematical and computational
problems for integration [15], [17]. The Lensing framework
[17] introduces a cognitive and technical scaffolding for
managing such complexity. It allows users to ”zoom” across
abstraction layers—navigating between detailed, agent-level
dynamics and coarse-grained system behavior—without losing
causal coherence or interpretive continuity. This may improve
creativity, as users discover patterns not evident at a single
scale. Lensing integrates visual lenses (selective abstraction),
conceptual lenses (domain-specific filters), and model lenses
(multi-resolution surrogates) to facilitate this multi-scale rea-
soning. Complementing this, surrogate modeling techniques
and emulation improve simulation performance and scala-
bility by replacing computationally expensive models with
machine learning (ML) approximations [40], [41]. Gaussian
processes and deep neural networks serve as statistical emula-
tors, learning mappings from simulation inputs to outputs with
reduced computational overhead [15]. In multi-scale simula-
tions, surrogate models bridge fine-grained and coarse-grained
models, allowing seamless navigation between different ab-
straction levels [40], [42]. This enables real-time decision-
making in computationally expensive domains, e.g., weather
forecasting, materials science, and aerospace engineering. The
computational ease translates directly into enhanced reliability,
as model behaviors become more predictable and tractable.
Surrogates moderately improve generalizability by allowing
broad exploration of parameter spaces, though fidelity depends
on surrogate accuracy. However, the surrogate approach inher-
ently sacrifices some direct explanatory clarity (soundness), as
it approximates detailed underlying processes.

Agent-based modeling (ABM) simulates individual interac-
tions to reveal emergent system behaviors [15]. Al-enhanced
ABM enables dynamic multi-scale simulations, where local
agent decisions shape global outcomes, advancing applications
in epidemiology, social sciences, and ecology. Revealing emer-
gent, system-wide behaviors through micro-level interactions
improves generalizability. The explicit representation of agents
enhances model soundness, grounding macro-scale predictions
in validated micro-level rules. Computationally, ABM can
become resource-intensive for large populations or detailed



agents.

Multi-physics simulations require vertical integration of
multiple domains but struggle with coupling governing equa-
tions. Physics-informed ML offers improved computability
and reliability by embedding physical constraints directly
within neural architectures, though achieving cross-domain
consistency remains challenging. [43].

C. Analysis as Inductive Reasoning

Analysis is primarily an inductive process, synthesizing
specific simulation outputs to derive broader insights. By ex-
amining multiple runs, users aim to identify patterns, test their
robustness, infer causality, and extract actionable conclusions.
This phase leans heavily on generalizability and reliability to
ensure that the conclusions drawn are not only consistent but
also transferable beyond the specific simulated scenarios.

Pattern Discovery: The initial analytical task involves
uncovering emergent patterns and structures within simulation
outputs. Modelers examine results, asking questions such as
What recurring behaviors or structures arise from the data?
And Do these observed patterns hold consistently across
multiple runs or varied conditions? Challenges include dis-
cerning genuine patterns from artifacts, especially within large
and high-dimensional data spaces. Deep learning techniques
aid in pattern recognition, anomaly detection, and feature
extraction. As convolutional neural networks (CNN) and graph
neural networks (GNN) uncover spatial and relational patterns
and transformers enhance sequential and contextual inference
[44]. These methods automate and scale pattern discovery,
enhancing generalizability and computability [45] by learning
representations across many simulation runs. However, the
models are often black boxes, so soundness and reliability
hinge on rigorous validation and interpretability. Interactive
visual analytics platforms further assist users by highlighting
trends, anomalies, and clusters in simulation data [46]. Users
can interact with these visualizations to interpret, question, and
refine inductive insights, leveraging their domain expertise to
validate and contextualize Al-generated findings [47], [48].
Accordingly, this promotes creative exploration by exposing
unexpected correlations and anomalies, prompting users to
probe deeper and refine their understanding [39]. Integrat-
ing machine learning-driven pattern recognition with human
expertise enhances the interpretability and trustworthiness of
inductive models, mitigating black-box concerns [46], [47].

Uncertainty Quantification: Next, the reliability of iden-
tified patterns is assessed. Guiding questions are: How robust
are these findings across different conditions? And what
assumptions most influence outcome variability? Difficulties
arise from separating model-related uncertainty from data-
driven uncertainty, often necessitating computationally effi-
cient statistical approaches. Simulation-based inference tools,
such as Approximate Bayesian Computation, probabilistic
programming, and neural density estimators, help compute
posterior distributions over model parameters given observed
data [15]. These methods offer principled ways to estimate
uncertainty, improving reliability and soundness, while main-

taining computability by leveraging surrogate models and
active learning to manage computational cost.

Causal-Effect Identification: Beyond correlation, modelers
aim to confirm causal relationships, asking: Do changes in
one variable cause observed effects in another Major chal-
lenges include accurately inferring causation from simulation
data, which may require structured experimental setups or
advanced causal inference methods. While traditional ML
uncovers correlations, it lacks causal understanding. Structural
Causal Models (SCMs) combined with differentiable surro-
gate simulators provide an effective solution. SCMs explicitly
encode hypothesized causal relationships into graphical mod-
els, enabling efficient counterfactual simulations and causal
testing [15], [49]. This enhances soundness by formalizing
causal reasoning and boosts generalizability through structured
causal frameworks transportable to other contexts. Addition-
ally, SCMs improve computability by utilizing surrogates,
facilitating rapid causal analyses, which allows (creative) ex-
ploration of causal scenarios.

Explainable Rule Extraction: Complex model behaviors
must then be distilled into transparent rules or heuristics.How
can complex results be summarized? And which factors pre-
dominantly drive outcomes? The primary challenge is bal-
ancing accuracy with interpretability. Explainable Al (XAI)
methods can provide interpretable insights into the behavior of
complex black-box models. For example, rule-based surrogate
models approximate the decision logic of such models, while
techniques like decision trees, LIME, and SHAP highlight
important features and decision pathways [50]. This markedly
enhances soundness by ensuring interpretive consistency, sig-
nificantly boosts reliability through stable local explanations.

Collaborative Insight Building: Finally, modelers and
stakeholders collaboratively interpret findings to inform
decision-making, asking: What implications do these insights
have for real-world practice? And should these outcomes
prompt further model revision? Effective synthesis of diverse
perspectives represents the main challenge, reflecting the
social and integrative nature of modeling. Collaborative vi-
sual analytics environments utilizing immersive visualizations,
mixed-reality displays, and interactive dashboards allow teams
to collaboratively explore data, discuss uncertainties, and build
shared understanding [47], [48], [51]. These systems facilitate
joint meaning-making processes, significantly enhancing cre-
ativity through interactive exploration and collective ideation.
They notably improve soundness and reliability through peer
validation and collective vetting of findings.

IV. CONCLUSION AND FUTURE WORK

In this paper, we have proposed a reasoning-centric per-
spective for understanding and enhancing the M&S process,
emphasizing opportunities to amplify human cognitive focus in
complex simulations. Grounded in Peirce’s retroduction cycle
of abduction, deduction, and induction [2], we first decompose
the M&S workflow into its core cognitive tasks. We then high-
light how modern computational interventions can strategically
enhance the distinct strengths of each reasoning mode. This



Cognitive Task \ Guiding Question

\ Intervention(s)

Abduction <> Model Design
Phenomenon Identification & Scoping
Hypothesis Generation

Analogical Reasoning

Assumption Specification

What behavior defies explanation?
‘What mechanism could explain this?
What other systems behave like this?

What simplifications are we making?

Anomaly Detection (e.g., VAEs)

LLMs (with RAG), Abductive Learning

Case-based reasoning systems, Ontology-driven plat-
forms

Interactive assumption mapping frameworks

Deduction <+ Simulation Execution
Inverse Problem Solving

Parameter Calibration

Constraint & Code Verification
Adaptive Control & Exploration
Cross-Dimension Reasoning

level outcomes?

What model configs produce these outcomes?
Which parameter values best replicate the outcomes?
Does the model comply with constraints?

How can we investigate dynamics in real-time?
How do micro-level interactions influence macro-

Differentiable programming, PINNs

Bayesian optimization

Formal Verification & Theorem Proving

Interactive model steering interfaces

Multi-Scale Frameworks (Lensing), Surrogate Models,
Al-enhanced ABM, Physics-informed ML

Induction < Result Analysis
Pattern Discovery

data?

How robust are these findings?
Does X cause Y?

Uncertainty Quantification
Causal-Effect Identification
Explainable Rule Extraction

Collaborative Insight Building

What recurring behaviors or structures arise from the

How can complex results be summarized?

What are the real-world implications?

Deep learning techniques (CNNs, GNNs, Transformers),
Interactive Visual Analytics

Simulation-based inference tools

Structural Causal Models with surrogates

Rule-based surrogate models, XAI methods (decision
trees, LIME, SHAP)

Collaborative visual analytics environments

TABLE I: Mapping M&S Stages with Reasoning Modes, including associated cognitive tasks, guiding questions, and

representative computational interventions.

decomposition offers a new perspective for designing the next
generation of M&S environments.

The core contribution of this work is a reasoning-centric
view of M&S that shows how Al and interactive technologies
can scaffold—rather than replace—human intellect. By situ-
ating interventions such as LLMs for hypothesis generation
and visual analytics for pattern recognition, we suggest how
reasoning can be strengthened, cognitive load reduced, and
simulation-driven insights accelerated. This bridges advances
in distributed algorithms, AI/ML, real-time performance, and
HCI into a coherent approach for developing reliable human-
in-the-loop simulation workflows.

Future = work should empirically
task—intervention mapping in real-time settings (e.g.,
distributed monitoring, digital twins), using established
measures to quantify cognitive load (e.g., physiological
sensors). Another key step is prototyping flexible, modular
simulation environments for single users, enabling dynamic
integration and removal of interventions tailored to specific
tasks or contexts. Finally, extending this modular approach to
multi-user collaborative virtual environments would explore
how to support shared reasoning tasks, like collective sense-
making and coordination, enhancing team-level cognitive
performance within distributed simulation systems, where
everyone might need different support interventions.
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