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Abstract

This conceptual article introduces Perceived Cognitive Assistance (PCA)—a novel psycho-
logical construct capturing how interactive support from Large Language Models (LLMs)
alters investors’ perception of their cognitive capacity to execute complex trading strate-
gies. PCA formalizes a behavioral shift: LLM-empowered retail investors may transition
from intuitive heuristics to institutional-grade strategies—sometimes without adequate
comprehension. This empowerment—distortion duality forms the theoretical contribu-
tion’s core. To empirically validate this model, this article outlines a five-step research
agenda including psychological diagnostics, trading behavior analysis, market efficiency
tests, and a Behavioral Shift Index (BSI). One agenda component—a dual-agent simulation
framework—enables causal benchmarking in post-LLM environments. This simulation
includes two contributions: (1) the Virtual Trader, a cognitively degraded benchmark
approximating bounded human reasoning, and (2) the Digital Persona, a psychologically
emulated agent grounded in behaviorally plausible logic. These components offer meth-
ods for isolating LLM assistance’s cognitive uplift and evaluating behavioral implications
under controlled conditions. This article contributes by specifying a testable link from
established decision frameworks (Theory of Planned Behavior, Technology Acceptance
Model, and Risk-as-Feelings) to two estimators: a moderated regression for individual
decisions (Equation (1)) and a composite Behavioral Shift Index derived from trading logs
(Equation (2)). We state directional, falsifiable predictions for the regression coefficients
and for index dynamics, and we outline an identification and robustness plan—versioned,
time-locked, and auditable—to be executed in the subsequent empirical phase. The result
is a clear operational pathway from theory to measurement and testing, prior to empirical
implementation. No empirical results are reported here; the contribution is the opera-
tional, falsifiable architecture and its implementation plan, to be executed in a separate
preregistered study.

Keywords: perceived cognitive assistance (PCA); large language models (LLMs); retail
investor behavior; behavioral finance; Al-augmented decision-making; theory of planned
behavior; algorithmic trading; cognitive biases; fintech adoption; market efficiency

1. Introduction

Over the past decade, institutional investors have increasingly relied on algorithmic
and Al-enhanced tools to improve decision quality, execution speed, and portfolio optimiza-
tion (Harris, 2024; Elly et al., 2025). In contrast, retail investors (RIs) have historically lacked
access to such cognitive infrastructure. The recent diffusion of Large Language Models
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(LLMs)—including ChatGPT, Claude, and BloombergGPT—onto retail-facing platforms
marks a potential inflection point in the cognitive capacity of non-professional market
participants (Dong et al., 2024; Lopez-Lira & Tang, 2024).

Unlike earlier retail-oriented fintech tools such as robo-advisors or stock screeners,
LLMs offer real-time, dialogic, and context-sensitive support. These systems can simulate
strategies, explain complex derivatives, interpret macroeconomic signals, and respond to
natural-language queries (Nie et al., 2024; ]J. Yang et al., 2025). This shift enables retail
users to access and apply concepts—like volatility arbitrage, delta-neutral positioning,
or GARCH!-based risk modeling—that were previously limited to institutional domains
(Kirtac & Germano, 2024; Valeyre & Aboura, 2024).

While this accessibility represents a major step toward democratizing financial intel-
ligence, it also raises underexplored behavioral risks. LLMs blur the boundary between
information access and interpretive authority (Z. Chen et al., 2025; Tatsat & Shater, 2025).
They do not merely present data but shape how it is framed and understood, often pro-
ducing compelling narratives that encourage confidence in users” understanding and
strategy formulation. Empirical studies already point to an “illusion of understanding”
phenomenon, where perceived competence rises without corresponding gains in actual
decision accuracy (Bahaj et al., 2025; F. Sun et al., 2025).

This inflation of perceived cognitive control may distort investor behavior, particularly
under uncertainty (Jia et al., 2024). LLM-generated narratives can simplify complex trade-
offs, reduce the perceived risk of advanced strategies, and increase user trust—even when
system outputs are heuristically generated or overfit (Boussioux, 2024; Jia et al., 2024). Such
conditions may accelerate transitions from intuitive strategies, such as price momentum,
to structurally complex volatility-based trades, such as straddles or iron condors, with-
out adequate comprehension of nonlinear risks (Kirtac & Germano, 2024; Henning et al.,
2025). In this study, we further propose that PCA acts not merely as an internal cognitive
mechanism but as a conditional moderator. Specifically, PCA shapes the degree to which
the availability of LLM cognitive support translates into actual adoption and effective
execution of complex investment strategies.

Importantly, these psychological effects—perceived control inflation (overconfidence),
intention-behavior divergence as described by risk-as-feelings, and coordination effects
induced by LLM-supported heuristics—can scale across retail cohorts as LLM assistants
diffuse. Retail investors already account for a significant share of trading volume in instru-
ments such as ODTE (zero-days-to-expiration) options (Bandi et al., 2023; Xu, 2025). If a
large number of users adopt similar prompts or follow comparable trade logic generated by
LLMs, the result may be algorithmic coherence—a form of emergent behavioral alignment
where strategy convergence distorts price discovery, amplifies volatility, and contributes to
reflexive feedback loops (Y. Peng, 2024; Y. Yang et al., 2025). This phenomenon has been
documented in the context of risk-premia crowding and critical transitions in complex
financial systems, and has been linked more recently to LLM-mediated coordination effects
(Y. Peng, 2024; Y. Yang et al., 2025). In such environments, even independently rational
decisions may aggregate into destabilizing collective patterns, particularly when LLM-
generated narratives are similar, fluently persuasive, and widely adopted (L. Chen et al.,,
2025; Y. Yang et al., 2025).

Yet academic attention has focused disproportionately on LLM productivity and
output fidelity, while largely neglecting retail behavioral shifts. A retrieval-augmented
literature review of over 120 papers since 2023 performed by authors in preparation for this
research shows strong emphasis on Al-enhanced forecasting, coding, and analysis—but
near absence of research into psychological and strategic consequences for retail investors.
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Relative to adjacent studies, our scope is investor-level and cognitive rather than
macro-market or capability benchmarking. Forecasting and sentiment extraction studies
primarily evaluate the predictive performance of LLMs; capability papers catalog model
architectures and task scores; and macro co-movement work studies cross-asset linkages
under stress or inflationary regimes, such as analyses of safe-haven properties and in-
teractions between gold, technology equities, and cryptocurrencies during inflationary
periods (Dimitriadis et al., 2025). Complementary evidence on cross-market connectedness
shows time-varying spillovers: Kayani et al. (2024) employ quantile connectedness and a
time-varying-parameter vector autoregression (TVP-VAR) to document asymmetric trans-
mission between digital and traditional assets and renewable-energy prices, and Goodell
et al. (2023) use TVP-VAR to map shock propagation across traditional assets, cryptocurren-
cies, and renewable energy through COVID-19 and the Russia—Ukraine war. By contrast,
our contribution is micro-behavioral and operational: we theorize how LLM-scaffolded per-
ceived control (PCA) shifts strategy selection at the investor level and we specify falsifiable
estimators to test those shifts (Equation (1) moderated regression; Equation (2) BSI).

Central research question: How do large language models (LLMs) reshape retail
investors’ strategy selection and risk posture through perceived cognitive assistance, and
how can this be operationalized into testable investor-level predictions (Equation (1)) and a
composite Behavioral Shift Index (BSI; Equation (2))?

Significance. This question matters because LLMs lower cognitive and operational
frictions to higher-complexity tactics (for example, multi-leg options), potentially enabling
informed adoption or, alternatively, inducing miscalibrated confidence. Distinguishing em-
powerment from distortion is essential for investor-protection policy, platform design, and
for interpreting any market-level footprints of retail behavior within efficiency diagnostics.

This article explicitly adopts a conceptual stance, introducing two major theoretical
and methodological innovations to behavioral finance literature. First, it proposes PCA as a
distinctive psychological construct within Theory of Planned Behavior (TPB) frameworks,
specifically capturing investor perceptions of cognitive facilitation provided by interac-
tive LLMs. Second, acknowledging inherent methodological constraints, it advances an
innovative dual-agent simulation approach, designed explicitly for causal benchmarking
of LLM impacts on investor behavior. These contributions collectively pave the way for
rigorous future empirical evaluation that proceeds on two distinct tracks: (i) investor-level
tests of the mechanism using Equation (1) and Equation (2) (BSI), and (ii) a dual-agent
counterfactual (Virtual Trader; Digital Persona) whose purpose is to evaluate whether
the LAT workflow generates alpha beyond randomness and to benchmark attribution in
post-diffusion settings.

In brief, the contribution is architectural: Equation (1) captures TPB-based micro-causality
with LLM x PCA moderation, while Equation (2) provides an observable, time-series diag-
nostic of realized behavior change. Implementation refers to the explicit operationalization of
these estimators, directional sign tests linking theory to coefficients and index movements,
and a preregistered, version-controlled plan for estimation and replication.

The rest of this article is structured as follows: Section 2 develops the behavioral
and theoretical foundations. Section 3 presents model-implied results and the theoretical
model. Section 4 offers a discussion and a future research agenda. Section 5 presents
the conclusions.

1.1. The Distinctive Nature of LLMs vs. Previous Investment Technologies

LLMs represent a cognitive inflection point in the evolution of retail financial tools.
Unlike prior systems such as robo-advisors or screeners—which operated through static
interfaces and rule-based outputs—LLMs function as interactive reasoning agents capable
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of simulating real-time, context-aware dialog (Gao et al., 2024; Ferrag et al., 2025). This
qualitative distinction marks a transition from passive access to co-constructed inference.

LLMs uniquely support four capabilities critical to retail investor cognition: (1) dialogic
simulation of strategic reasoning (Costarelli et al., 2024; Shinn et al., 2024); (2) seamless
integration of technical, macroeconomic, and derivative contexts within a single thread (Wu
etal., 2023; Xue et al., 2024); (3) iterative strategy refinement based on reciprocal logic rather
than filter selection (Yu et al., 2023; H. Yang et al., 2024); and (4) hypothesis generation
that surfaces novel relationships often missed by heuristic-based tools (Wu et al., 2023;
Xue et al., 2024).

These features shift the investor’s role from selector to co-creator. Rather than choosing
among predefined outputs, users engage in cognitive scaffolding that reduces complexity
barriers and narrows the gap between intent and execution (Gao et al., 2024; Ferrag et al.,
2025). While prior platforms extended reach, LLMs actively shape perceived competence
and behavioral control, warranting a new theoretical lens on investor cognition in Al-
mediated environments.

1.2. Do Retail Investors Favor Lower-Risk, Intuitive Strategies over Complex, High-Risk Ones?

Retail investors (RIs) consistently exhibit preferences for intuitive, low-complexity
strategies that minimize analytical burden and perceived risk. This behavior is shaped by
cognitive limitations, lack of institutional-grade tools, and behavioral biases such as over-
confidence and recency effects (Agham et al., 2024; D. Singh et al., 2024). Such preferences
are reinforced by platform design and social cues, which often emphasize trend-following
signals or simplified narratives (Briere, 2023; Xue et al., 2024).

For example, simple momentum investing and dip-buying exemplifies this pattern, re-
lying on extrapolation of recent price trends and demanding minimal technical knowledge
(Du et al., 2025; Wheat & Eckerd, 2024). Empirical studies show that retail flows gravitate
toward recent winners, particularly in lower-literacy or high-volatility contexts (Miguel &
Su, 2019; Wheat & Eckerd, 2024). Dividend investing and ETF buy-and-hold strategies are
similarly favored for their perceived safety, familiarity, and low monitoring costs (Graham
& Kumar, 2006; Gempesaw et al., 2023).

By contrast, uptake of structurally complex strategies—such as multi-leg options,
volatility overlays, or delta-neutral positions—remains limited among retail cohorts (Bryz-
galova et al., 2023; Bogousslavsky & Muravyev, 2024). These instruments require compre-
hension of Greeks, nonlinear payoffs, and market-maker dynamics—factors that impose
high cognitive barriers (Alsup, 2023; Naranjo et al., 2023). Even with increased access to
derivatives post-2019, most retail activity is limited to directional calls and puts (Bryzgalova
et al., 2023; Bogousslavsky & Muravyev, 2024).

This behavioral asymmetry forms the baseline condition for our investigation: whether
LLMs reduce complexity perception and facilitate measurable transitions to higher-risk,
sophistication-intensive strategies.

In this study, complexity is defined not as academic richness or institutional usage, but
as the number of informational dimensions, conditional relationships, and decision nodes
involved in strategy execution. This definition aligns with decision science literature, which
conceptualizes complexity as the increase in required cognitive operations and branching
conditionality under uncertainty (Tversky & Kahneman, 1986; Payne et al., 1993).

2. Materials and Methods

The materials for this study are the theoretical constructs and estimands (the quanti-
ties the model intends to estimate in the empirical phase) specified in the main text and
appendices: the TPB-based moderated regression (Equation (1)), the Behavioral Shift Index
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(Equation (2)), the model-implied propositions in Section 3 and the five-step empirical
agenda. Methods comprise the operational definitions for Equations (1) and (2), the estima-
tion blueprint (unit of observation, controls, and robustness) to be applied in the subsequent
empirical phase, the dual-agent benchmarking design for counterfactual attribution, and
market-level diagnostics under the Efficient Market Hypothesis (EMH)/Adaptive Markets
Hypothesis (AMH). Implementation proceeds under preregistered versioning, time-locked
inputs, and auditable artifacts, as documented in the accompanying protocol.

Theoretical Model—LLM Impact on Retail: Our unit of analysis is the investor period
(for example, weekly observations), which motivates a moderated regression in Equation
(1) to test whether exposure to LLM assistance and perceived control/assistance (PCA)
jointly predict behavioral outcomes and whether the LLM x PCA interaction is positive
as hypothesized; estimation uses linear or generalized models with repeated-observation
robustness, as appropriate. Equation (2) complements this by aggregating period-over-
period changes in multi-leg share, trading frequency, concentration, and volatility exposure
into a Behavioral Shift Index (BSI) that provides a time-series diagnostic of realized be-
havior change. Because post-diffusion settings lack clean human controls, attribution is
supported by two information-identical synthetic baselines—the Virtual Trader (bounded
cognition) and the Digital Persona (behaviorally plausible benchmark)—evaluated on
time-locked inputs. All model specifications, inputs, and artifacts are preregistered and
version-controlled, with snapshots that freeze model epoch, tools, prompts, and market
state for replay and auditability.

2.1. Extending the Theory of Planned Behavior (TPB) for LLM-Augmented Contexts

This section investigates whether exposure to LLMs triggers a shift in retail investors’
behavior—from low-complexity strategies to cognitively demanding, risk-intensive struc-
tures. To model this behavioral migration, we extend the Theory of Planned Behavior
(TPB), drawing on complementary psychological and technology adoption constructs.

Theory of Planned Behavior (TPB): A Starting Point

TPB posits that Attitude, Subjective Norms, and Perceived Behavioral Control (PBC)
shape behavioral intention, which in turn predicts action (Ajzen, 1991; Armitage & Conner,
2001). In retail investing, this will map onto observable phenomena such as stated intentions
to financial actions and actual execution patterns (East, 1993; Xiao & Wu, 2006).

In principle, TPB is well suited to model behavioral transitions in retail investing.
It allows us to trace a chain from LLM exposure — psychological construct shifts —
changes in trading intention and execution. However, despite its utility, TPB exhibits
critical limitations when applied to LLM-mediated investor behavior:

1. Lack of system-oriented constructs: TPB does not account for technology-specific
beliefs such as perceived usefulness or ease of use as other models do (Davis, 1989;
Venkatesh & Davis, 2000). Other models can help to explain why some users develop
trust in Al systems while others do not (Davis et al., 1989; Venkatesh et al., 2003).

2. Neglect of affective mechanisms: TPB assumes rational intention formation (Ajzen,
1991; Sussman & Gifford, 2019). It does not incorporate emotional arousal, antic-
ipatory anxiety, or vivid scenario framing (Sniehotta, 2009; Alhamad & Donyali,
2021)—factors that are central in LLM interactions, which often simulate high-stakes
decision environments.

3. No structured behavioral outputs: While TPB links intention to behavior conceptually,
it provides no direct link to observable data such as portfolio changes, option usage,
or trade frequency—key metrics in financial behavior modeling (East, 1993; Cucinelli
et al., 2016).
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To address these gaps, we propose four extensions: (1) innovative Perceived Cognitive
Assistance (PCA) sub-construct, (2) Technology Acceptance Model (TAM) integration,
(3) Risk-as-Feelings Theory integration, and (4) the Behavioral Shift Index (BSI).

2.2. Perceived Cognitive Assistance (PCA): Extending Perceived Behavioral Control for
Al-Augmented Decisions

Perceived Cognitive Assistance (PCA) is an individuals’ subjective belief in their
enhanced cognitive capability to execute cognitively demanding tasks, facilitated by in-
telligent, context-aware, and interactive support provided by LLMs, independent of their
actual performance outcomes or proficiency with the LLM itself.

This definition deliberately separates three distinct elements: (1) the psychological
state of perceived capability enhancement, (2) the availability of LLM support as an envi-
ronmental condition, and (3) the actual performance outcomes that may or may not align
with these perceptions. This separation is crucial for understanding how LLM fundamen-
tally alter users’ self-perceived behavioral boundaries in ways that differ from traditional
technology adoption.

To isolate the moderating effect of PCA, it is conceptualized as an emergent, tempo-
rally lagged construct: initial LLM exposure fosters perceived cognitive assistance, which
then moderates subsequent LLM engagement effects on complex strategy adoption. This
temporal separation mitigates endogeneity concerns inherent in cross-sectional models. In
this role, PCA determines the strength and effectiveness of cognitive scaffolding by LLMs
in shaping investor behavioral outcomes (see Table 1).

Table 1. Comparison of Traditional PBC and PCA as Moderating Construct.

Feature Traditional PBC PCA (AI-Scaffolded)
Source of confidence Internal experience and knowledge Access to intelligent external systems
Nature of reasoning Self-reliant, effortful processing Co-constructed with Al guidance
Knowledge access Stored internally Queried or retrieved dynamically
Behavioral boundary Defined by personal capability Extended by perceived machine cognition
Example “I know how to trade options” “I can trade options because GPT explains it”

PCA builds upon established cognitive science concepts, notably the notion that
external tools can scaffold human reasoning (Hutchins, 1995) and that individuals monitor
and calibrate their cognitive readiness through metacognitive awareness (Flavell, 1979). In
Al-mediated decision contexts, these foundations converge within emerging human-Al
collaboration research, which highlights how interactive systems reshape users’ perceived
cognitive boundaries (D. Wang et al., 2020).

To establish discriminant validity, we differentiate PCA from four related but dis-
tinct constructs:

(a) Technology Self-Efficacy. While technology self-efficacy captures confidence in using
a technology effectively (Compeau & Higgins, 1995; Marakas et al., 1998), PCA
specifically addresses the perceived enhancement of domain-specific capabilities
through Al support. A trader might have high self-efficacy in using LLM (knowing
how to prompt, interpret outputs) while having low PCA (not believing it enhances
their trading capabilities), or vice versa. PCA builds upon but is conceptually distinct
from domain-specific self-efficacy (Bandura, 1997), which captures an individual’s
belief in their ability to perform a task based on internal mastery or experience. In
contrast, PCA reflects a perceived expansion of one’s capability boundaries specifically
induced by external, Al-driven scaffolding, irrespective of genuine skill acquisition.
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(b) Cognitive Offloading. Cognitive offloading describes the delegation of memory or
computation to external tools (e.g., calculators, to-do lists), but does not entail the
internalized sense of behavioral readiness for novel or analytically intensive tasks
(Risko & Gilbert, 2016; Gerlich, 2025). PCA differs fundamentally because it captures
not just task delegation but the belief in expanded personal capability boundaries:
the belief that one is cognitively able to engage in complex tasks due to real-time Al
support—even in the absence of skill acquisition. Empirical support for this distinction
is growing, as both preliminary studies (A. K. Singh et al., 2023; Spatharioti et al., 2023)
and recent peer-reviewed evidence (Steyvers et al., 2025) consistently demonstrate that
interactions with LLMs or dialogic Al tools inflate users’ self-assessed competence,
even when their actual decision accuracy remains unchanged. Specifically, it was
found that users exposed to Al-generated financial narratives rated themselves as
more financially knowledgeable but failed to interpret basic derivative setups correctly
(Jakesch et al., 2023; Spatharioti et al., 2023).

(¢) Trustin Automation. Trust in automation concerns the reliability, transparency, and
dependability of the system (Parasuraman et al., 2000), rather than the user’s own felt
competence in executing decisions under system assistance (J. D. Lee & See, 2004).
PCA is orthogonal to trust—users might trust an LLM’s outputs while not feeling
it enhances their capabilities, or might feel empowered by LLM despite harboring
doubts about its reliability. This distinction is crucial for understanding the “illusion
of understanding” phenomenon.

(d) Perceived Usefulness. Perceived usefulness from the Technology Acceptance Model
(TAM) reflects beliefs about system utility in task performance (Davis, 1989; Venkatesh
& Davis, 2000), but it does not capture the user’s self-appraisal of increased capability
to act (Davis, 1989; King & He, 2006). PCA specifically captures the user’s belief about
their own enhanced capabilities, not just improved outcomes. An investor might
find LLM useful for gathering information while not feeling it makes them a more
capable trader.

Drawing on dual-process theory (Kahneman, 2011) and metacognitive research (Kruger
& Dunning, 1999), we propose that PCA can manifest through two distinct pathways:

e Positive pathway: When supported by adequate understanding and factual confir-
mation of LLM effectiveness, PCA facilitates risk democratization with informed
confidence.

e Negative pathway: When PCA outpaces actual comprehension and factual confirma-
tion, it may lead to behavioral distortion.

This duality depends on factors such as actual vs. perceived understanding, the trans-
parency of LLM outputs, availability of LLM effectiveness validations, and asymmetries in
informational framing. To formalize this relationship, we specify the following regression
model (see Appendix A):

Bity = Bo+ P1ILLMj) + P2PCA;y + BsLLMiypca,, + PaAi) + BsSNi) + 7T Controls;y) + ¢y 1)

Symbols: i indexes investors; t indexes time periods; B;) = behavior measure (specified
per test); LLM;;) = LLM engagement intensity; PCA;;) = perceived cognitive assistance;
Ajq) = attitude toward complex strategies; SN;;) = subjective norms; Controls;;) = control
covariates; v is the coefficient vector on Controls; &;;) = error.

In this regression model with moderation, PCA specifically moderates the cognitive
scaffolding effectiveness of LLM capabilities. The interaction term (LLM x PCA) explicitly
captures whether and how strongly perceived cognitive assistance enhances the relationship
between exposure to LLM capabilities and behavioral outcomes. A statistically significant,
positive 33 indicates PCA’s critical moderating role. Expected patterns and when they
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may fail. We expect a positive link between LLM use and the uptake of more complex
strategies, a positive link between perceived assistance and that same uptake, and a stronger
combined effect when both are high. These expectations can fail in recognizable situations:
when costs or frictions are high, when risk is unusually punitive, when tools or data are
unreliable, or when the investor does not feel meaningfully supported. If the analysis
does not show these positive patterns—or they disappear once basic cost and risk checks
are applied—the claim is not supported. In practice, Equation (1) will be estimated at the
investor—period level (for example, weekly observations), using the pre-specified behavioral
measures (option-trade frequency, the share of multi-leg strategies, and concentration across
underlyings). Estimation will use standard linear models with errors robust to repeated
observations per investor (or appropriate generalized models if the outcome is a count or
rate). Variable clarifications. A; is the investor’s attitude toward using complex strategies;
SNj) captures perceived social influence (for example, peer or community approval); PCA
reflects the investor’s felt ability to handle complex tasks with help from an LLM assistant.
Equation (2) then summarizes observed changes in these behaviors as a Behavioral Shift
Index for within-investor and cohort comparisons; empirical estimation is reserved for
the subsequent phase. For measurement, we propose preliminary scale items that capture
PCA’s unique characteristics e.g., a 7-point Likert scale (for example: “When I have access
to ChatGPT, I feel capable of executing trading strategies that would otherwise be beyond
my abilities”; “Al assistance makes complex financial concepts manageable for me”).

Task complexity will be handled using pre-specified observable features of the trade
decision (for example, the number of legs and conditional steps), with refinements to
measurement deferred to the empirical phase.

While PCA is most likely to manifest in contexts involving complex, interpretively de-
manding tasks and interactive Al systems, its emergence is less probable—but not impossible—
with simple, rule-based tasks or non-dialogic technologies. Future empirical work should
specify these contextual moderators to delineate PCA’s operational boundaries.

2.3. Technology Acceptance Model (TAM): Explaining Variation in LLM Uptake and Reliance

While PCA explains how RIs may feel empowered to engage in more complex finan-
cial behavior due to LLM support, it does not explain why some investors develop this
perception while others do not. To address this heterogeneity in technology engagement,
we integrate constructs from the TAM (Davis et al., 1989; Venkatesh & Davis, 2000), which
focuses on users’ perceptions of new technologies. TAM posits that two core beliefs—
Perceived Usefulness (PU) and Perceived Ease of Use (PEOU)—predict the adoption,
frequency, and persistence of technology usage. These constructs are particularly relevant
to financial LLMs, which vary in interface design, response quality, and interpretability.
These beliefs influence not only the initial adoption of LLMs but also how deeply and persis-
tently investors integrate LLMs into their strategy formulation process. Empirical studies
in behavioral fintech adoption show that PU and PEOU significantly predict usage of
robo-advisors, mobile trading apps, and decision-support dashboards (Pavlou & Fygenson,
2006; Belanche et al., 2019). Similar logic applies to LLM engagement in financial contexts,
though few studies have yet modeled this in relation to perceived behavioral control. TAM
constructs moderate the formation of PCA and influence TPB dimensions—providing the
upstream logic for adoption intensity and behavior shift. Operationally, we treat Perceived
Usefulness (PU) and Perceived Ease of Use (PEOU) as upstream determinants of LLM
engagement (uptake, intensity, reliance). In Equation (1) they enter through the engagement
term and its interaction with PCA, and in Equation (2) their effects are expected to surface
as directional shifts in AFrequency and AMultiLeg within the Behavioral Shift Index (BSI).
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2.4. Risk-as-Feelings Theory: Modeling Affective Divergence

Affective Finance (AFT) examines how affective states, discrete emotions, and emotion-
laden narratives shape judgments and market behavior. It combines three mechanisms that
are directly relevant to LLM-augmented retail trading: (i) fast, valenced “good /bad” signals
that guide judgments under uncertainty (the affect heuristic), (ii) appraisal-specific effects
whereby emotions such as fear or anger shift risk perception and choice in predictable
directions, and (iii) narrative-driven conviction that enables action under radical uncertainty.
Representative syntheses include the Annual Review survey on emotion and decision-
making (Lerner et al., 2015), the affect-heuristic literature (Finucane et al., 2000; Slovic
et al., 2007), appraisal-tendency results showing opposite risk effects for fear versus anger
(Lerner & Keltner, 2001), and narrative accounts such as Conviction Narrative Theory
and narrative economics that link story-driven conviction to market outcomes (Shiller,
2017; Johnson et al., 2023; Tuominen, 2023). Within this broader AFT program, we focus
analytically on the Risk-as-Feelings (RaF) hypothesis: immediate feelings at the point
of choice can diverge from cognitive risk evaluations and, when they do, feelings often
dominate behavior (Loewenstein et al., 2001). RaF is the most appropriate AFT mechanism
for our setting for three reasons: (1) Horizon fit—our interest is in short-horizon execution
where in-the-moment affect is most behaviorally potent; (2) Identifiable predictions—RaF
implies measurable intention-behavior gaps (e.g., plan vs. execution) that our design can
target; and (3) Clean operationalization—RaF maps directly onto our observables: transient
increases in volatility exposure and compositional shifts in strategy mix.

While TPB and TAM provide robust cognitive models of intention formation and
technology adoption, they do not account for a critical behavioral dimension: emotionally
driven decision divergence. Retail investing—especially under conditions of high volatility
or uncertainty—is often shaped not by rational intent, but by visceral reactions such
as fear, excitement, regret, or urgency. In this context, RaF (Loewenstein et al., 2001;
Kobbeltved & Wolff, 2009) offers indispensable explanatory value. This theory proposes that
emotions experienced at the moment of decision-making—not just cognitive evaluations of
outcomes—can override planned behavior (Loewenstein et al., 2001; Kobbeltved & Wollff,
2009). The divergence between cognitive intention and behavioral execution is particularly
pronounced in domains involving risk and delayed outcomes, such as financial trading
(C. Peng, 2024). Even if TPB constructs (e.g., high PCA) predict strategy engagement,
emotionally charged LLM narratives may derail or distort execution. This theory explains
why users may hesitate—or leap—despite previously formed plans.

Consistent with this mechanism, we pre-specify two bias risks most directly linked
to affective divergence: overconfidence (miscalibrated probability judgments and over-
precision) and confirmation bias (selective exposure to belief-congruent evidence). Detec-
tion proceeds via investor-level metrics reported in Section 4.4 and is estimated for the
LLM-Augmented Trader (LAT) against two information-identical baselines—the Virtual
Trader (VT) and the Digital Persona (DP)—on time-locked inputs.

In Equation (1), RaF motivates tests for execution-side divergence conditional on
intentions (LLM engagement, PCA) and their interaction; episodes consistent with RaF
should coincide with short-run deviations in behavior even when planned intentions
are stable. In Equation (2), RaF predicts temporary spikes in AVolExposure and, at times,
higher concentration within the Behavioral Shift Index (BSI), while the TAM path (Perceived
Usefulness/Ease of Use) predicts sustained increases in AFrequency and AMultiLeg via
higher LLM reliance. Together these AFT-RaF and TAM channels yield complementary,
falsifiable sign patterns that the BSI can track over time.
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2.5. Behavioral Shift Index (BSI): Empirical Operationalization

To connect psychological shifts with observable market behaviors, we develop the
BSI—a composite, time-series-friendly measure that quantifies the extent to which LLM
adoption alters investor strategy (see Appendix A):

BSI;; = wiAMultiLeg; ; + woAFrequency; ; + wzAConcentration; ; + wsAVolExposure;; (2)

4
Z Wy = 1, wy > 0
k=1

Symbols: i indexes investors; t indexes time; wy > 0 and } wy = 1; MultiLeg; ; = share of
option trades that are multi-leg; Frequency; ; = option-trade count per period; Concentration;; =
portfolio concentration across underlyings; VolExposure;; = volatility exposure proxy (e.g.,
share of open positions with material vega or a designated vol intensity score).

This index instantiates the theoretical lenses as observable deltas: TPB constructs (atti-
tude, norms, perceived control via PCA) map to AFrequency and AMultiLeg; TAM operates
upstream by shaping LLM engagement intensity; Risk-as-Feelings predicts short-horizon
divergence, anticipated as spikes in AVolExposure. Accordingly, the BSI serves as the
outcome-side counterpart to Equation (1) when testing whether LLM exposure and PCA
are associated with measurable shifts in trading behavior. The BSI thus enables time-series
and cross-sectional comparisons across investor cohorts with varying levels of LLM usage,
linking psychological frameworks to observable market data—a methodological advance-
ment rarely implemented in TPB-based financial studies. To compute the Behavioral Shift
Index for an investor or a cohort, we take period-over-period changes from trading logs in:
(i) option-trade frequency, (ii) the share of multi-leg strategies, (iii) concentration across
underlyings, and (iv) option risk exposure (for example, a higher share of trades that
increase overall leverage). These components are standardized and combined with weights
declared before analysis. What the index should show in practice. If LLM genuinely helps
lower the effort required to use complex tactics, the BSI should rise when LLM use and
perceived assistance rise. In its components, we expect (i) more multi-leg constructions,
(ii) more overall attempts, and (iii), in short, emotionally charged windows, more use of
volatility-linked positions. Concentration may drop at first as investors experiment across
several tactic families, and then stabilize as learning consolidates. The direction of change
in the BSI should be consistent with the positive patterns tested in Equation (1). Falsification
and limits. These expectations are easy to disconfirm: if the expected movements do not fol-
low increases in LLM use in the index and its components—or if any movement disappears
once basic checks for cost, risk, liquidity, and execution quality are applied—the claim is
not supported. We do not assert durable, repeatable excess returns at the market level;
where temporary effects appear, they should fade as participants adapt. This defines what
the propositions do and do not predict and provides a clear basis for later empirical checks.
In addition to these continuous proxies, we code each trade with a Strategy Structural
Complexity (SSC) label on a four-level ordinal scale C0-C3. SSC is used for descriptive
distributions and robustness checks (e.g., share of trades at C2—-C3), while AMultiLeg and
AVolExposure remain the primary BSI complexity proxies.

2.6. Proposed Diagnostic Framework for Detecting Behavioral Shifts: Integrating Efficient Market
Hypothesis and Adaptive Market Hypothesis

While the TPB, PCA, Risk-as-Feelings Theory, and TAM offer robust psychological
accounts of how LLMs alter individual-level intentions and behaviors, they do not address
the question of market consequences. Specifically, these frameworks are not designed to
evaluate whether LLM-induced behavioral shifts among retail investors will be materi-
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alized in price formation, volatility dynamics, or the informational efficiency of markets.
To assess these causalities, a market-oriented framework is required—one that enables
the identification of deviations from random pricing, tests for persistent performance
anomalies, and distinguishes between behavioral distortions and adaptive learning. This
diagnostic need is particularly acute in the context of technological discontinuities, where
behavioral changes may be rapid, widespread, and nonlinear. In this study, we adopt
a dual-framework approach grounded in financial market theory: the Efficient Market
Hypothesis (EMH) (Fama, 1970; Abdullahi, 2021) and the Adaptive Markets Hypothesis
(AMH) (A. W. Lo, 2004). These two perspectives serve complementary functions. The EMH
provides a null hypothesis framework for testing whether retail behavior—augmented
by LLMs—generates abnormal returns or price patterns inconsistent with informational
efficiency. The AMH, in contrast, offers an interpretive model that explains such deviations
not as irrationality but as the result of bounded rational adaptation to changing cognitive
and technological conditions.

This dual integration allows us to move beyond individual cognition and intention
formation, toward diagnosing whether the cumulative behavioral effects of LLM adoption—
particularly changes in strategy complexity, timing, and coordination—leave observable
traces in market structure. Our aim is not to model systemic behavior directly, but to assess
whether LLM-induced retail activity contributes to detectable anomalies such as return
persistence, volatility clustering, or adaptive convergence. In this sense, the EMH and
AMH serve as complementary diagnostic tools: one identifying statistical deviations, the
other interpreting them through bounded rational adaptation.

2.6.1. EMH as Baseline Diagnostic Framework

The EMH serves as a null model against which persistent trading advantages or price
anomalies linked to LLM use can be tested. The operational diagnostics we apply are
summarized in Table 2. In its weak form, the EMH posits that historical price information
is fully incorporated into current prices, rendering trend-following ineffective (Fama, 1970;
Showalter & Gropp, 2019). The semi-strong form extends this logic to all publicly available
information, precluding informational arbitrage (Diamond & Perkins, 2022).

Table 2. EMH Operational Diagnostics.

EMH Test Focus

Operational Measure Interpretation

Weak-form efficiency

Autocorrelation in post-trade returns; Hurst ~ Significant autocorrelation or persistence
exponent analysis (Hurst, 1951) — potential inefficiency

Random walk behavior

Variance ratio tests (A. W. Lo & MacKinlay, Systematic drift — violation of EMH
1988); cumulative return drift randomness

Risk-adjusted performance

Sharpe ratio (Sharpe, 1994) comparisons Sustained alpha with LLM —
between LLM-assisted and baseline trades = weak-form EMH violation

Price adjustment speed

Event study of asset price movement
(MacKinlay, 1997; Martinez-Blasco et al.,
2023) after LLM-identified signals

Delayed reactions suggest semi-strong
inefficiency

By establishing tests, the EMH serves as a null hypothesis framework. If LLM-
augmented trades do not yield statistically significant or repeatable performance gains,
the market remains informationally efficient. However, if anomalies are observed, this
suggests a deviation from pure market rationality—precisely where the AMH becomes rel-
evant. At the market level, the contribution is a dual-frame diagnostic: the EMH provides
the null (no persistent alpha or anomalies), while the AMH interprets any transients as
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adaptive learning—thereby making the micro-level predictions from Equation (1) and the
BSI refutable against macro evidence.

2.6.2. AMH as an Evolutionary Framework

The AMH reconceptualizes market efficiency as dynamic and context-dependent,
shaped by cycles of agent adaptation, feedback effects, and technological innovation (A.
W. Lo, 2004). Unlike the EMH, which assumes stable, rational processing of available
information, the AMH accounts for cognitive limitations, path dependence, and environ-
mentally conditioned learning in financial behavior (A. Lo, 2004). Since LLMs represent
a cognitive inflection point in this evolutionary process they collapse informational silos,
simulate expert reasoning, and scaffold complex strategy development through interactive
and multimodal feedback (Z. Wang et al., 2023; Bewersdorff et al., 2025). While these
behavioral changes may temporarily produce patterns inconsistent with traditional EMH
formulations (e.g., clustered returns, volatility overshoots), the AMH views such anomalies
as part of an adaptive cycle, not evidence of market irrationality. Market participants—once
exposed to new tools or conditions—learn, adapt, and modify behavior over time (Khuntia
& Pattanayak, 2018; A. W. Lo, 2019). The AMH thus provides an interpretive lens for
determining whether LLM-induced deviations are transient signals of adaptation or signs
of persistent inefficiency. Table 3 outlines illustrative diagnostics grounded in AMH logic.

Table 3. AMH Operational Diagnostics.

AMH Construct

Observable Indicator Measurement Method

Cognitive adaptation

Increase in complex strategies (e.g.,

spreads, straddles, delta-neutral) Trade classification (pre/post LLM use)

Strategic evolution

Higher frequency of volatility exposure,

use of Greeks in decision-making Strategy tagging, prompt log analysis

Tool-conditioned efficienc Return stabilization or reduced Rolling Sharpe ratios, drawdown
Y drawdowns in LLM-assisted trades histograms
. e Reduced herding, greater asset Correlation matrix of asset choices among
Behavioral sophistication . P
diversification users

Cross-sectional diffusion

Spread of institutional-grade strategies

into retail segments Option flow segmentation by account type

Ultimately, the AMH complements the EMH by interpreting observed deviations not
as violations, but as learning dynamics. This dual-frame approach supports empirical
efforts to disentangle short-term distortions from long-run cognitive evolution, providing a
behavioral bridge between micro-level strategy shifts and macro-level financial adaptation.

3. Results

As a conceptual article, we report model-implied results rather than sample estimates.
These model-implied results matter because they translate the theory into precise, falsifiable
sign tests and platform-design checks to be executed in the preregistered empirical phase.
The model predicts that exposure to LLM assistance and perceived cognitive assistance
jointly increase adoption of structurally complex strategies; in Equation (1), this corre-
sponds to positive main effects for LLM engagement and perceived control/assistance,
and a positive interaction, with signs stated for later falsification. At the behavior level,
Equation (2) (BSI) should rise with LLM exposure and be stronger when perceived assis-
tance is high. At the market level, persistent alpha or systematic post-entry drift would
challenge weak-form efficiency, whereas transient patterns are consistent with adaptive
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dynamics. These implications set out the testable contribution that later empirical work will
adjudicate. In practice, this frames investor-protection and platform-design implications—
especially where confidence may rise faster than competence—and links directly to the
efficiency diagnostics specified in the manuscript for distinguishing adaptive transients
from persistent anomalies.

Under the TAM path, higher perceived usefulness/ease should raise LLM uptake and
reliance; in Equation (1) this implies positive coefficients on the LLM engagement term
(and its interaction with PCA) and, in Equation (2), increases in AFrequency and the share
of multi-leg strategies. Under the Affective Finance/Risk-as-Feelings path, short-horizon
affective swings should manifest as transient increases in AVolExposure and, at times,
higher concentration—indicating execution that departs from prior plan. PCA moderates
these effects: when perceived capability is calibrated, we expect complexity uptake with-
out destabilizing risk shifts; when PCA outpaces actual skill, we expect confidence-led
complexity and volatility exposure that the BSI will flag. Taken together, Equation (1)
yields falsifiable sign predictions on engagement and moderation, and the BSI provides a
time-series diagnostic distinguishing capability-driven from affect-driven shifts.

Theoretical Model—LLM Impact on Retail Investor Strategy Migration

The statements below answer the central research question by specifying falsifiable
sign predictions in Equation (1), expected movements in the Behavioral Shift Index (Equa-
tion (2)), and market-level implications to be interpreted with the EMH/AMH diagnostics,
with empirical estimation reserved for the preregistered program. This study advances a
behavioral finance model that theorizes how LLMs facilitate strategic migration among
retail investors—particularly the shift from heuristic-based, low-complexity strategies to
structurally sophisticated approaches. Strategic complexity denotes the structural and
procedural sophistication of a trade. Higher strategic complexity is reflected by moving
beyond single-leg or simple two-leg directional setups toward multi-leg constructions,
explicit volatility posture or time-staging (e.g., calendars/diagonals), and path-dependent
or delta-neutral structures that require cross-Greek management. Empirically, we will label
each executed or recommended trade with a four-level Strategy Structural Complexity
(SSC) code (CO-C3) and use Equation (1) to test whether higher PCA is associated with
a greater likelihood of selecting C2—-C3 structures, conditional on controls. The model,
depicted in Figure 1, is grounded in an extended TPB, enriched by the novel construct of
PCA, and positioned within a dual diagnostic framework informed by the EMH and the
AMH. Here, ‘implementation’ means operationalizing the model into estimable forms: an
individual-level moderated regression (Equation (1)) and a cohort-level diagnostic index
(Equation (2)), accompanied by explicit sign predictions and a preregistered estimation
plan. In reduced form, we evaluate whether the BSI varies with LLM engagement (as
shaped by Technology Acceptance Model constructs—Perceived Usefulness and Perceived
Ease of Use) and PCA, including their interaction, conditional on controls.

At the core of the model lies a foundational relationship between the Independent
Variable (IDV)—retail investors’ current trading preferences and risk attitudes—and the
Dependent Variable (DV), defined as observable changes in strategy type, risk profile, and
trade effectiveness. Empirical research demonstrates that retail investors, in the absence
of external cognitive augmentation, systematically favor intuitive, simple strategies that
minimize analytical burden and perceived complexity. These include approaches such as
price momentum, dividend investing, and passive ETF allocations, which are accessible
without requiring advanced knowledge of market microstructure, derivatives, or volatility
dynamics (Foltice & Langer, 2015; D’"Hondt et al., 2023; Chui et al., 2022).
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Figure 1. Theoretical Model.

This behavioral asymmetry reflects the cognitive and procedural barriers that limit
retail engagement with complex instruments, including multi-leg options, volatility over-
lays, and delta-neutral strategies. The direct IDV — DV pathway thus anticipates that
retail investors, constrained by their baseline cognitive resources and risk preferences, will
predominantly select low-complexity strategies and avoid structurally sophisticated ap-
proaches. This leads to predictable patterns in strategy composition, portfolio concentration,
and risk exposure.

Proposition 1. Retail investors, without cognitive augmentation, exhibit a systematic preference
for simple, intuitive strategies and avoid structurally complex approaches.

The introduction of LLMs, however, modifies this direct relationship by introducing
three interrelated mechanisms that mediate and moderate the pathway from baseline
investor preferences to observable strategic behavior.

Factor 1: LLM Capabilities. LLMs provide a qualitatively distinct form of cogni-
tive scaffolding compared to prior retail-facing tools. Unlike static information platforms
or rule-based advisors, LLMs offer real-time, dialogic, and multimodal reasoning sup-
port. These affordances enable users to simulate trading scenarios, integrate technical
and macroeconomic signals, and comprehend complex instruments that would otherwise
exceed unaided understanding.

Factor 2: LLM-Enhanced Strategy Integration. The cognitive scaffolding provided by
LLMs reduces interpretive and procedural complexity, facilitating operational adoption
of advanced strategies. Retail investors, supported by LLMs, can incorporate volatility-
linked instruments, multi-leg derivatives, or delta-neutral positions into their decision
routines—often embedding these within familiar heuristic frameworks.

Proposition 2. LLM-supported strategies enable retail investors to operationalize structurally
complex approaches, improving accessibility and the potential for enhanced risk-adjusted returns.
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Factor 3: Behavioral Mediation via PCA and Moderating Role of LLM Capabilities.
The behavioral impact of LLMs on retail investor strategy selection is conceptualized as part
of a moderated psychological process. This model introduces PCA as a novel subdimension
of PBC, capturing the investor’s subjective belief that complex tasks become tractable with
intelligent system support, even in the absence of true domain mastery. PCA functions as a
first-stage moderator, shaping the strength of the relationship between investors’ baseline
predispositions—such as risk appetite, cognitive orientation, and strategy familiarity—and
their willingness to adopt structurally complex approaches. Under conditions of high PCA
and accessible LLM support, investors perceive greater self-efficacy and reduced cognitive
barriers, increasing the likelihood of engaging with complex strategies such as volatility
overlays or multi-leg derivatives. Conversely, when PCA is low or LLM capabilities are
absent or underutilized, the cognitive and procedural barriers that constrain strategic
migration remain intact.

Proposition 3a. PCA moderates the relationship between baseline investor predispositions and strategic
behavior; higher PCA strengthens the likelihood of adopting complex, risk-intensive strategies.

Proposition 3b. The moderating effect of PCA is itself conditioned by LLM capabilities; greater
LLM accessibility and functionality amplify the influence of PCA on behavioral outcomes.

These mechanisms operate along two distinct pathways. The Empowerment Pathway
reflects the democratizing potential of LLMs to enhance access to institutional-grade strate-
gies, supporting performance gains and strategic sophistication. The Distortion Pathway,
by contrast, highlights the risk of behavioral miscalibration, where inflated perceptions of
competence outpace actual understanding—amplifying risk-taking, overconfidence, and
suboptimal decision-making. These pathways are conditional, not universal. The shift
toward complex strategies should be muted or absent when costs or frictions are high,
when risk is unusually punitive, when tools or data are unreliable, or when the investor
does not feel meaningfully supported by the system. In emotionally intense episodes,
short-term surges in risk-taking can occur even if long-run preferences do not change; this
is the distortion side of the model.

Our claims are refutable. In later tests, we expect to see more frequent attempts, greater
use of multi-leg constructions, and—especially in short, emotional episodes—more use
of volatility-linked positions when LLM use and perceived assistance are higher. If these
patterns do not appear, or if any apparent effects vanish once basic cost, risk, and execution
checks are applied, the model is not supported. At the market level, we do not claim
durable, repeatable abnormal returns; where temporary patterns arise, they should fade as
participants adapt.

In sum, the model offers a causally structured and empirically testable account of
how LLMs reshape retail investor behavior—not only by altering cognitive capacity but by
fundamentally restructuring the psychological conditions under which complex strategies
are adopted or avoided. Through its integration of PCA, TPB extensions, and market-level
diagnostics via the EMH and AMH, the model enables evaluation of whether LLM-driven
strategic migration constitutes an adaptive evolution or introduces new forms of behavioral
distortion in retail trading ecosystems.

4. Discussion and Future Research Agenda

The model’s contribution is to specify a falsifiable link from LLM exposure and
perceived assistance to observable shifts in retail trading complexity, with explicit estimators
(Equations (1) and (2)) and an identification plan suitable for post-LLM environments. We
emphasize boundaries: perceived uplift may outpace competence; intention-behavior gaps
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can widen under effects; and index-level diagnostics must separate transient adaptation
from persistent anomalies. Interpreting individual-level findings against the EMH/AMH
offers a principled way to distinguish short-run distortions from longer-run learning.
The empirical phase is deliberately deferred; the present contribution is the operational
mapping from theory to tests under a preregistered, auditable workflow.

4.1. Empirical Validation of the Theoretical Model

This study develops a behavioral finance model of how LLMs influence retail investor
behavior. The model integrates constructs from the TPB, the TAM, Risk-as-Feelings, and
PCA to explain strategy migration from intuitive, low-complexity approaches toward
higher-complexity option strategies and volatility-linked instruments. The contribution of
this article is conceptual-methodological: a fully operationalized, falsifiable architecture
comprising an individual-level moderated regression (Equation (1)) and a Behavioral Shift
Index (Equation (2)), with directional sign tests and an identification blueprint. Equation
(1) will test whether exposure to LLM assistance and perceived control or complexity
predict the behavioral measures, and whether their interaction is positive as hypothesized.
Equation (2) will provide a composite index for within-investor and cohort comparisons. In
parallel, we will report investor-level bias-metric deltas (calibration, selective exposure, dis-
position) for LAT vs. VT /DP so that any observed ‘confidence lift’ can be distinguished from
genuine capability gains. Inference will be robust to repeated observations per investor, and
we will use investor-specific and time effects to control for unobserved heterogeneity and
common shocks. Timing checks and sensitivity analyses will probe identification. At the
market level, results will be interpreted against efficient- and adaptive-market diagnostics
already specified in the manuscript. Empirical results are intentionally out of scope; the
empirical program is specified as a preregistered agenda. To translate the model’s causal
logic into observable outcomes, we propose a five-step agenda (Figure 2) addressing two
empirical challenges: First, the detection of LLM-induced behavioral change: whether
exposure to LLMs is associated with measurable shifts in strategy complexity, risk-taking,
and execution patterns. Second, causal benchmarking under post-LLM diffusion: a valid
comparison of LLM-assisted trades with bounded-human counterfactuals when live control
groups are infeasible. Our solution is a dual-agent benchmark (Virtual Trader and Digital
Persona) that isolates decision-maker effects and is replicable. For falsifiability, we pre-
register directional signs for Equation (1)—f31 > 0 (LLM main effect), 3, > 0 (PCA), f3 >0
(LLM x PCA)—and expect the BSI to increase with LLM exposure and to be amplified by
PCA; failure to observe these patterns would refute the model.

The five-step agenda is structured to ensure logical alignment with the theoretical
model. Step 1 tests the enabling role of LLM capabilities (Factor 1) in reducing cognitive bar-
riers to strategic complexity. Step 2 validates the baseline condition (Independent Variable)
of retail investors’ historical preference for intuitive, low-risk strategies. Step 3 examines
psychological mediation (Factor 3) via PCA and TPB constructs. Step 4 operationalizes
performance attribution and tests LLM-enabled strategy integration (Factor 2) using the
Dual Simulation Framework. Finally, Step 5 captures the dependent variable—observable
changes in behavior and risk attitude—while embedding the analytical components neces-
sary to address the detection and attribution of LLM-induced behavioral change.
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Figure 2. Five-step empirical research agenda.

Step 1: Cognitive Preconditions for Strategy Migration (Factor 1). The first step assesses
whether LLMs reduce cognitive barriers that have historically limited retail engagement
with complex instruments. This investigation draws on thematic literature reviews in Al
accessibility, human—computer interaction, and fintech adoption. Comparative case studies
of LLM-based tools are used to evaluate whether LLMs facilitate real-time reasoning,
knowledge democratization, and cognitive scaffolding in financial decision-making. This
step tests the foundational role of LLM capabilities (Factor 1) as the initiating mechanism
in behavioral migration.

Step 2: Baseline Preferences and Strategic Behavior (Independent Variable). The
second step empirically validates the baseline condition central to the theoretical model:
retail investors” historical preference for intuitive, low-complexity strategies. Desk research
and market analysis document how platform design, user interface affordances, and limited
cognitive resources have nudged retail investors toward momentum trading, dividend
capture, and other heuristic-based approaches. This step establishes the counterfactual
from which LLM-induced behavioral change is evaluated.

Step 3: Psychological Mediation via PCA and TPB Constructs (Factor 3). Building on
the model’s psychological foundations, the third step investigates how LLM exposure alters
investor psychology. Survey instruments based on the TPB will be designed to measure
changes in TPB constructs—augmented by the PCA construct, which captures Al-scaffolded
self-efficacy. Optional modules, including expert interviews and field experiments, assess
confidence calibration and perceived competence. This step operationalizes Factor 3, testing
the mediating role of PCA in enabling behavioral migration.

Step 4: Performance Attribution via Dual-Agent Simulation (Factor 2). The fourth
step addresses the second challenge by testing whether LLM-assisted trades outperform
human baselines using a dual-agent simulation framework comprising a VT and a DP (see
Section 2.3, Appendix B). The VT applies empirically grounded cognitive degradations to
model bounded rationality, representing a lower-bound human counterfactual. The SP
simulates psychologically plausible, LLM-independent decision-making through struc-
tured prompting. This simulation framework operationalizes Factor 2 of the theoretical
model by evaluating whether LLMs facilitate superior strategy integration and decision
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quality. Performance is benchmarked across Sharpe ratios, drawdown metrics, and trade
consistency. Triangulated inference logic distinguishes true cognitive uplift from heuristic
mimicry or distortion effects.

Step 5: Dependent Variable—Change in Behavior and Risk Attitude. The final step
captures the dependent variable: measurable shifts in retail investor behavior and risk ori-
entation. Change is operationalized via the BSI, trading frequency, portfolio concentration,
and volatility exposure. This step incorporates the full apparatus necessary to address
first challenge, structured around four analytical components: (1) temporal attribution and
exposure anchoring; (2) identification of behavioral markers and strategy migration; (3) tri-
angulation of psychological mechanisms via PCA diagnostics; and (4) attribution integrity
using matched-asset and macro-event controls. These processes ensure that observed
behavioral changes are causally linked to LLM exposure rather than confounded by exoge-
nous factors. Market-level diagnostics are incorporated to evaluate whether individual
behavioral shifts aggregate into detectable market anomalies. EMH tests assess deviations
from informational efficiency, while AMH diagnostics interpret such deviations as bounded
rational adaptation or reflexive feedback. Together, these frameworks support attribution
across both micro (behavioral) and macro (market) levels, distinguishing cognitive uplift
from collective distortion or convergence effects.

The empirical agenda integrates both quantitative and qualitative methodologies
to ensure comprehensive validation of the proposed model. The initial steps employ
established techniques including thematic literature reviews, comparative case studies, and
desk research, widely recognized for their role in theory-driven behavioral investigation
and technology evaluation (Webster & Watson, 2002; R. K. Yin, 2018). Survey instruments
and field experiments grounded in the Theory of Planned Behavior (Ajzen, 1991) and
validated through psychometric standards (DeVellis, 2016) capture psychological mediation
and perceived cognitive assistance. The simulation-based performance attribution and
market-level diagnostics build on rigorous agent-based and econometric methods, detailed
in Appendices B and C. This mixed-method design reflects best practices in behavioral
finance and information systems research, supporting both construct validity and empirical
robustness across micro- and macro-level analyses.

Taken together, this five-step agenda provides a coherent, theoretically grounded,
and empirically rigorous framework for validating the proposed model. By integrating
psychological mediation, simulation-based benchmarking, and market diagnostics, the
agenda enables causal inference in environments where traditional control groups are
infeasible, advancing both theoretical understanding and methodological practice in LLM-
augmented retail investing research.

4.2. Detecting LLM-Induced Behavioral Change in Retail Investing

This section operationalizes the causal pathway: LLM Exposure — Psychological
Mediators (IPB, PCA) — Behavioral Shift (BSI) — Market Diagnostics (EMH/AMH).
Appendices A and C provide full operational, statistical, and formulaic details; here we
focus on theoretical anchoring and empirical linkage.

1.  Temporal Exposure Anchoring. The launches of ChatGPT (November 2022) and GPT-
4 (March 2023) serve as exogenous structural breaks in time-series analyses of retail
trading behavior. We follow event-study methodology refined for behavioral finance,
aligning periods of LLM diffusion with shifts in investor activity. Diffusion intensity is
proxied by LLM-related search and engagement metrics (e.g., Google Trends, Reddit,
YouTube), a strategy grounded in the literature on technology adoption and investor
attention (Kirtac & Germano, 2024).
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2. Strategy Shifts in Retail Trading (BSI Changes). Behavioral indicators—such as multi-
leg options trading, increased turnover, portfolio concentration, and reduced holding
durations—are used to capture shifts in investor strategies (Lopez-Lira & Tang, 2024).
These serve as observable manifestations of perceived behavioral control (PCA) and
overconfidence, consistent with prior work linking psychological distortions to risky
retail trading (Glaser & Weber, 2007; Han et al., 2022). These metrics compose the
Behavioral Shift Index (BSI), defined and mathematically specified in Appendix A.

3. Psychological Mediation via TPB and PCA Calibration. To directly investigate psy-
chological pathways, we implement TPB-based surveys measuring changes in TPB
constructs following LLM exposure. TPB has robust empirical support across do-
mains and informs our understanding of intention-to-behavior processes (Ajzen, 1991;
Gimmelberg et al., 2025b). Qualitative interviews and confidence-calibration tasks to
detect PCA-induced miscalibration—where increased confidence does not correspond
to improved trading outcomes.

4. Attribution Control via Market Diagnostics (EMH/AMH). We apply matched-asset
counterfactuals—comparing LLM-associated securities to similar but presumably
unexposed ones—enabling difference-in-differences estimation that accounts for con-
founders such as macro shocks, earnings announcements, and social sentiment (Tet-
lock, 2007). Patterns of behavioral change accompanied by price movement would
align with competitive equilibrium. In contrast, persistent behavior with negligible
price adjustment may indicate AMH dynamics, whereas sustained inefficiencies could
suggest EMH deviations.

4.3. Dual Simulation Benchmarking: The Virtual Trader and Digital Persona Framework

In this section, we address the fundamental evaluation challenge: the absence of a
valid human control group once LLMs are integrated into trading workflows. Such a
control would require matched LLM-naive investors operating over prolonged periods
under equivalent conditions—a setup that is logistically, ethically, and epistemologically
untenable once cognitive exposure to LLMs has occurred. To overcome this, we propose a
Dual-Agent Simulation Framework, depicted in Figure 3. Two complementary agents—the
Virtual Trader (VT) and the Digital Persona (DP)—serve as computational stand-ins for
human decision-making baselines. The VT models performance low bounds constrained
by documented cognitive limitations, while the DP captures middling yet psychologically
plausible investor behaviors. Their juxtaposition against LLM-augmented outcomes facili-
tates epistemic triangulation, offering structured inference in lieu of unobtainable human
controls. This framework provides an empirically grounded alternative for assessing
LLM-augmented trading performance.

4.3.1. Virtual Trader: A Cognitively Degraded Counterfactual

The VT serves as a cognitively bounded counterfactual, designed to estimate the
lower boundary of plausible human decision performance under real-world constraints.
Rather than representing a sub-human or pathologically impaired agent, it models unaided
retail investor cognition operating under empirically documented limitations: attentional
fatigue, input omission, recency bias, volatility misestimation, and heuristic simplification.
These degradation parameters do not simulate irrationality or failure but instead reflect
well-established cognitive constraints observed in behavioral finance and decision science
(H. A. Simon, 1955; Barberis & Thaler, 2002). By framing the VT as a lower-bound not in
absolute human potential, but in unaided, real-time performance under cognitive load, the
model clarifies what LLMs are expected to overcome. Importantly, this simulation does not
benchmark against idealized expert behavior, but against a psychologically grounded base-
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line reflective of the conditions under which most retail investors operate. This provides a
meaningful performance comparator for testing whether LLM augmentation offers true
cognitive uplift in strategy design, execution, and outcome.

LLM Augmented Trader Virtual Trader -
Digital Persona
AAIl decissionss are made by LLM Degradation applied across Prosootpomanars-Marer
s ) . context prompt
enchanced automated workflow cognitive dimensions
i What cognitive errors What plausible
Advanced logic and are avoided with LLM il
g 5 decisions might real
Information use? investors make
Prccessing l instead?

— TRIANGULATION

l

) ) l
Both baselines underperform Only the degraded version P = LLM
— Strong evidence for underperforms — LLM mimics ersona outperforms —
cognitive uplift best human practice may introduce distortions

l

Human-validation
—> benchmarking to strengthen
external generalizability

Figure 3. Triangulation and Inference Logic.

Degradation process draws on the bounded rationality framework (H. A. Simon,
1955) and reflects cognitive asymmetries documented in experimental markets, such as
misestimation of implied volatility, recency bias, and limited multimodal integration. The
methodology enables performance attribution—across Sharpe ratios, entry-exit timing, or
drawdown metrics—while ensuring that the only difference between LLM and VT trades
is the presence or absence of cognitive augmentation.

This approach embeds a key epistemological assumption: that LLMs represent an
optimal or near-optimal strategic baseline. Recent research warns against such assumptions.
LLMs exhibit hallucination, narrative overconfidence, and probabilistic miscalibration,
especially in domains involving structured reasoning and stochastic inference (Ganguli
etal, 2022a; L. Huang et al., 2025; Varshney et al., 2025). Treating the LLM as an infallible
reference risks overestimating its advantage and must be mitigated via validation protocols,
including signal corroboration, consensus scoring, and rejection of low-confidence outputs.

While the VT models cognitive constraints across validated dimensions, the current
implementation treats these as modular and additive for purposes of tractability and sim-
ulation stability. This simplification facilitates calibration and attribution in the baseline
framework. However, behavioral research highlights that such impairments often inter-
act nonlinearly—e.g., fatigue amplifies attentional lapses, and emotional arousal skews
volatility interpretation (Loewenstein et al., 2001; Kahneman, 2011). These limitations are
acknowledged and addressed in Appendix A.3, which introduces a rule-based interde-
pendency module as a forward-looking enhancement for simulating cascading cognitive
effects under stress.

4.3.2. Digital Persona: Human Plausibility via LLM Emulation

The Digital Persona (DP) provides a conceptually distinct counterfactual. Rather than
degrading an LLM output, this approach builds behavioral emulation from the ground
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up. Each persona is constructed using structured prompts encoding psychological traits,
demographic attributes, and trading history, instructing the LLM to “think like” a specific
type of retail investor. This technique draws on agent-based simulation theory and recent
advances in LLM-enabled computational social science (Gao et al., 2023; H. Jiang et al.,
2024; Hartley et al., 2025).

DPs offer mid-range performance estimates rooted in plausibility rather than con-
straint. They integrate constructs such as financial literacy, emotional reactivity, risk
aversion, and platform familiarity. Unlike the VT, they do not assume LLM optimality and
are evaluated based on whether their responses align with typical human behaviors under
given constraints. Recent empirical studies demonstrate that LLM personas can exhibit
realistic investment behavior when designed using psychological trait encoding, such as
the Big Five personality model (Borman et al., 2024; Hartley et al., 2025).

However, DPs face significant ecological limitations. They do not learn from error, lack
reward-based feedback loops, and exhibit no temporal memory of past trades—traits that
are central to real investor cognition (Lux & Zwinkels, 2018). Furthermore, LLM-generated
personas are sensitive to temperature settings, prompt design, and output randomness,
which raises concerns regarding behavioral coherence and reproducibility, especially in
longitudinal simulations (Gao et al., 2023; H. Jiang et al., 2024).

To mitigate such risks, simulations will be run under constrained randomness param-
eters with standard temperature controls and prompt regularization. Nonetheless, these
limitations may challenge the authenticity of simulated investor behavior, particularly in
high-stakes, feedback-sensitive domains like trading, which warrant further research.

4.3.3. Epistemic Triangulation and Inference Logic
This dual-agent design supports three structured inference scenarios:

e  Both baselines underperform the LLM — Strong evidence for LLM-enabled cognitive
uplift and strategic enhancement.

e  Only the degraded Virtual Trader underperforms — Indicates that the LLM mimics
best-practice human logic without necessarily surpassing it.

e  Digital Persona outperforms the LLM — Suggests that LLMs may introduce distortions
or risk-taking strategies inconsistent with typical investor behavior.

This triangulation (See Figure 3) approach aligns with emerging standards in
simulation-based causal attribution, particularly in environments where treatment ex-
posure (LLM usage) alters the cognitive architecture irreversibly (Holland, 1986; Athey
& Wager, 2019). It also reflects broader principles of counterfactual realism and hybrid
benchmarking in AI-human comparison studies (Gui & Toubia, 2023; Anthis et al., 2025).

To address potential algorithmic myopia and improve generalizability, a human-
validation stage is specified as part of the preregistered empirical agenda (see Appendix B).
Its execution and results lie outside the scope of the present conceptual contribution; the
cited protocol defines how it will be conducted (Gao et al., 2023; Q. Wang et al., 2025). As
specified in our preregistration protocol (Gimmelberg et al., 2025a), the LLM-Augmented
Trader (LAT) operates as a capability-routed, multi-model system. Tasks are dispatched to
the most suitable large language model (LLM) based on a maintained capability matrix:
complex tool-orchestration and multi-step tool-calling are routed to the top-performing
GPT-5 family model; multimodal parsing that requires combined PDF-and-image handling
is routed to the top-performing Claude Sonnet family model; task types where current
evidence indicates weaker tool-calling are not routed to that family until evidence changes.
Each task invocation is recorded in a registry capturing provider, model family, model alias,
release channel, client/library version, and prompt/protocol version. We distinguish two
change classes: within-family upgrades (e.g., Claude Sonnet 4.1 to 4.5; GPT-5 minor refresh)
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are treated as minor, whereas cross-family substitutions (e.g., moving a tool-orchestration
task from Gemini to GPT-5) are treated as major. All changes are time-locked and posted
to the Open Science Framework (OSF)? change log (Gimmelberg et al., 2025a). Validation
is structured on two layers: first, information-identical replays by the Virtual Trader
(a bounded-rule comparator) and a Digital Persona (a behaviorally specified counterfactual)
isolate decision-maker effects; second, a small practitioner vignette panel is specified to rate
plausibility and ecological fit. Data validation accompanies both layers via time-stamped
decision snapshots and vendor cross-checks (prices, implied volatility, open interest) with
schema validation of machine-readable artifacts. This architecture accommodates rolling
model improvements while preserving auditability and replication at the capability-class
level; empirical execution belongs to the separate, preregistered study.

Asset selection in this study is procedural and dynamic: at each decision timestamp,
candidates are selected by a time-locked screener; therefore, no fixed ex ante asset list
exists. For replication, the realized asset set and the strategy instances corresponding to the
reported runs will be archived at study launch and on each protocol version bump as OSF
artifacts (time-stamped screener exports and contemporaneous option-chain snapshots),
with Appendix B, Appendix B.1 providing the sampling rules, consistent strategy families,
and the data collection and quality control procedures applied at decision time. Concrete
trading strategy families are enumerated in Appendix B, Appendix B.1 and match the OSF
preregistered workflow.

4.4. Behavioral Bias: Quantification and Controls

This study pre-specifies bias quantification and control logic before data collection.

Our amplification test is defined ex ante as pairwise differences in bias metrics between
LAT and each baseline (LAT-VT, LAT-DP). We report effect sizes and uncertainty for
(i) probability calibration/over-precision, (ii) confirmation/selective exposure in evidence
slates, and (iii) the disposition effect, with signs and magnitudes interpreted as amplification
if LAT is statistically worse than both baselines under identical information. Directionally,
LLM scaffolding may reduce selective exposure by broadening evidence collection, yet
it can increase over-precision by fluently narrated but overconfident rationales; if such
contrasts fail to materialize once basic cost/risk controls are applied, we will conclude
no amplification.

Controls are implemented via two replay agents that receive the same information as
the LLM-Augmented Trader (LAT): a Virtual Trader (VT; bounded-rule comparator) and
a Digital Persona (DP; behaviorally specified baseline). These serve as control groups at
this stage; the practitioner vignette panel rates plausibility only. We will quantify three
bias families using established measures. First, calibration error of decisions is evaluated
with proper scoring/Brier-based calibration (and, where applicable, coverage of stated
intervals), following the verification literature on reliability and strictly proper scoring rules
(Dawid, 1982; Tilmann & Raftery, 2007). Second, the disposition effect is measured using
the standard Proportion of Gains Realized (PGR) minus Proportion of Losses Realized
(PLR) specification, adapted to options via mark-to-market classification of gains and
losses at decision time (Shefrin & Statman, 1985; Odean, 1998; Weber & Camerer, 1998).
Third, selective-exposure/confirmation is operationalized as the share of belief-congruent
evidence in the decision’s recorded evidence slate, anchored in the selective-exposure meta-
analysis and a finance-specific confirmation bias literature (Nickerson, 1998; Hart et al.,
2009; Pouget et al., 2017). We avoid ad hoc thresholds; any change with inferential impact
will be version-bumped in the protocol and disclosed prior to execution. The experiment
has not started; preregistration is finalized. Operational rubrics, inputs, and worked audit
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examples for all bias metrics are provided in Appendix B, and in the preregistered protocol
(Gimmelberg et al., 2025a).

5. Conclusions

This study proposes an operational behavioral finance model of LLM-augmented
retail trading centered on perceived cognitive assistance (PCA). PCA may enable informed
adoption of complex strategies or inflate confidence beyond competence; distinguishing
these pathways is the empirical task addressed by Equation (1), the Behavioral Shift
Index (Equation (2)), and the preregistered bias diagnostics. The construct is distinct from
cognitive offloading, trust in automation, and perceived usefulness because it concerns
investors’ self-appraisal of capability under real-time Al scaffolding (Logg et al., 2019;
Jakesch et al., 2023). Empirically separating genuine capability gains from inflated self-
assessment is difficult in real-time trading. The preregistered diagnostics and the BSI
mitigate but do not eliminate this risk; identification of PCA is treated as a falsifiable
claim corroborated by convergent evidence from surveys, behavior, and bias probes (Logg
et al., 2019; Karinshak et al., 2023). Future work must therefore not only track behavioral
outcomes but also refine tools for parsing underlying cognitive states.

Theoretically, PCA extends the Theory of Planned Behavior to Al-augmented contexts
by specifying a form of perceived control that arises from machine scaffolding. Empirically,
studies must distinguish actual capability enhancement from perceived enhancement;
practically, platforms and regulators should anticipate confidence outrunning competence
and design appropriate guardrails.

Validation follows a preregistered five-step agenda: assess cognitive preconditions
and baseline strategy preferences; measure psychological mediation via PCA, attitudes, and
norms; implement a dual-agent simulation (Virtual Trader via cognitive degradation; Digi-
tal Persona via structured prompting) for causal benchmarking; and evaluate behavioral
change using BSI-linked metrics and performance outcomes. The agenda tests whether
LLMs enable strategic sophistication or amplify behavioral risk when live control groups
are infeasible; if sign predictions and BSI dynamics fail, the model is refuted.

Limitations—scope and constructs. The model posits directional migration from
intuitive to complex strategies under LLM support, yet real-world behavior is nonlinear,
shock-sensitive, and prone to intention-behavior gaps (Shefrin & Statman, 1985; Barberis
etal., 1999; A. W. Lo, 2004). Intention-behavior gaps in fast-paced domains such as trading
are well documented (Webb & Sheeran, 2006; Sheeran & Webb, 2016), raising doubts about
whether perceived capability consistently translates into execution, particularly under
stress or ambiguity.

Limitations—construct overlap and interaction risk. While PCA offers a theoretically
distinct mechanism, introducing new measurement and interpretation complexities, it
shares features with automation trust (Parasuraman & Riley, 1997), cognitive offloading
(Risko & Gilbert, 2016), and perceived usefulness (Davis, 1989). This proximity raises
concerns about discriminant validity. Moreover, the concurrent use of TPB, TAM, and
Risk-as-Feelings introduces a risk of internal interaction effects. For example, vivid emotion-
laden scenarios (Loewenstein et al., 2001) may override Attitudinal or Normative intention
components. The model currently treats these mechanisms as additive rather than dynamic,
limiting its predictive granularity.

Limitations—testability and generalizability. Behavioral proxies imperfectly capture
internal states (Buginca et al., 2020), so we triangulate surveys, behavior, and bias probes
and treat inferences as provisional. External validity may be constrained by early-adopter
samples (Venkatesh et al., 2003; Khan & Shabbir, 2025) and abstraction in simulation envi-
ronments; future work should integrate brokerage APIs or high-fidelity market simulators
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to reintroduce frictions (Byrd et al., 2019; Vyetrenko et al., 2020) and broaden assets and
settings (Henning et al., 2025).
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Appendix A. Behavioral Models Tests and Components
Appendix A.1. Components and Units of Measurement in the TPB-Based Regression Model

The unit of measurement for the regression equation is as follows:

Bity = Po+ P1ILLMjy) + P2PCA;) + BsLLMiypca,, + PaAi) + BsSNi) + y"Controls;y) + €5y (A1)

where

e  Bjy): Behavioral outcome at time t (dependent variable; specified per test; see Table A1).
e B coefficients represent the estimated weights or effects of each explanatory variable
on the behavioral outcome Bj).

LLM;4): LLM engagement intensity.

PCAjq): perceived cognitive assistance.

Ajw), SNjt): TPB components (attitude toward complex strategies; subjective norms).

Controls;y): vector of control covariates.

Bk: regression coefficients;

7: coefficient vector on Controls;y

gjp): Residual error.

Interpretation of coefficients is determined by how the dependent variable Bj
is operationalized.

Operationalization crosswalk: A;y), SNjy, and PCA;y) are defined in the main
text; LLM;) is engagement intensity; Bjy) is selected from Table Al; the interaction
LLM;j4) x PCAjy) encodes moderated scaffolding implied by the theoretical model.

Table A1. Possible operationalizations of Bjg).

Operationalization of Bi(t) Unit of Measurement Interpretation
Number of complex trades per week Count (integer) A discrete behavior frequency
Proportion of complex trades Ratio (0-1) A share or percentage
Portfolio risk score Volatility or risk points Risk exposure level
BSI score Unitless composite index Behavioral complexity measure
Change in strategy complexity Delta in ordinal/index score Magnitude of strategy shift

Self-assessment of behavior (Likert) Ordinal (1-5/1-7) Perceived behavior intensity
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Implementation notes for Equation (Al). The unit of analysis is an investor observed
over regular time periods (for example, weeks; days where logs allow). The dependent
variable is one of the pre-specified behavioral measures listed in Appendix A.1 (for example,
frequency of option trades, share of multi-leg strategies, concentration across underlyings).
The main explanatory variables are the investor’s exposure to LLM assistance at time t,
perceived control or complexity (PCA), and their interaction. Estimation will use ordinary
least squares with standard errors that are robust to repeated observations per investor.
If the dependent variable is a non-negative count or a bounded rate, a generalized linear
model with an appropriate link function will be used. Baseline adjustments include
investor-specific effects and time effects to absorb common shocks. Section 4.1 outlines the
identification and robustness steps that will be applied in the empirical phase.

Appendix A.2. Components and Units of Measurement in the BSI Formula

BSI;; = wiAMultiLeg; ; 4+ woAFrequency; ; + wsAConcentration; ; + w4 AVolExposure; s (A2)

4
Zwkzl, wk20
k=1

where

e Symbols: i indexes investors; t indexes time; k € {1, 2, 3, 4} indexes the four BSI
components (MultiLeg, Frequency, Concentration, VolExposure); wy are non-negative
4
component weights with ) wy =1, w = (w, ..., wa).
k=1
t: a specific time point or interval (e.g., week 1 after ChatGPT launch).
AMultiLeg; ;: Change in proportion of multi-leg options trades.
AFrequency;y: Change in trading frequency.
AConcentration; ;: Change in portfolio concentration (e.g., top-3 asset weight).
AVolExposure; ;: Change in exposure to implied volatility.

Weights w; to wy can be calibrated based on pilot data or expert input. Each component
represents a change metric over time and is typically normalized.

BSI operationalizes the theoretical lenses into observable components: AMultiLeg
and AFrequency reflect intention-to-execution channels linked to TPB/PCA; AVolExposure
captures affect-driven divergence highlighted by Risk-as-Feelings; concentration reflects
strategic reallocation. As such, BSI provides the cohort-level diagnostic complementary to
Equation (1).

Table A2. Units of each A component.

Component

AMultiLeg_t
AFrequency_t
AConcentration_t
AVolExposure_t

A Variable Description Unit of Measurement

Change in proportion of multi-leg option trades  Ratio (0-1) or percentage points
Change in trading frequency Trades per period (count)

Change in portfolio concentration Ratio (0-1) or percentage points
Change in volatility exposure Volatility units or standardized scores
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Table A3. Comparison: TPB Regression vs. BSI Model.

Aspect TPB Regression Model BSI Composite Index

Formula B_i(t) = 8¢ + 061-LLM_i(t) + ... BSI_t = wy-AMultiLeg t+ ...
Dependent Variable Behavior/intention of individual i at time t Index at time t (cohort level)
Output Unit Likert, %, or count Unitless composite

Input Variables TPB constructs + LLM exposure Trading behavior metrics

Time scale Cross-sectional Time-series or panel

Use case Explains how LLMs shift intentions Measures actual behavior change
Level of Analysis Micro (individual) Meso/Macro (cohort or group)
Methodology Regression (causal inference) Composite diagnostics

Appendix A.3. Complementarity Within the Research Model

The TPB-based regression model and the BSI serve complementary purposes within
the research framework. The TPB model provides a psychological and explanatory foun-
dation. It quantifies how cognitive variables such as Attitude, Subjective Norms, and
Perceived Behavioral Control—along with LLM engagement—affect behavioral intention
and individual decision-making. This is essential for understanding the mechanisms by
which LLMs influence investor psychology and behavior at the micro level.

In contrast, the BSI is diagnostic and empirical. It measures whether the theorized
behavioral changes actually materialize in observable trading activity at the cohort or
market level. The BSI aggregates multiple dimensions of trading behavior—strategy
complexity, frequency, concentration, and volatility exposure—into a unified, time-sensitive
index. It is especially valuable for detecting shifts over time or between exposed and non-
exposed investor groups.

Together, these two models enable a full-circle investigation: the TPB regression tests
the cognitive causality of LLM-driven behavior, while the BSI validates those effects in
market behavior. They support both causal inference (via regression) and behavioral
diagnostics (via index tracking), ensuring that psychological shifts are not only statistically
modeled but also empirically verified in real-world trading data.

Appendix A.4. Convergent/Discriminant Validity Test for PCA

To establish construct validity, PCA will be subjected to convergent and discriminant
validity testing using confirmatory factor analysis (CFA). Survey items will be developed in
parallel with validated scales for perceived usefulness (Venkatesh & Davis, 2000), trust in
automation (J. D. Lee & See, 2004; Hoff & Bashir, 2015), and overconfidence bias (Bruine De
Bruin et al., 2007; Parker et al., 2020). Discriminant validity will be evaluated through the
Fornell-Larcker criterion (Fornell & Larcker, 1981) and HTMT ratios (Henseler et al., 2015).
In addition, exploratory factor analysis (EFA) will be conducted on pilot data to ensure PCA
items form a distinct factor structure reflective of Al-scaffolded self-efficacy in decision-
making under complexity (Y.-Y. Wang & Chuang, 2023; Morales-Garcia et al., 2024).

To operationalize PCA, we design psychometric items that specifically target Al-
scaffolded self-efficacy rather than general trust or perceived utility. The following illustra-
tive items reflect discriminant targeting:

e PCA (Al-scaffolded self-efficacy):
“I feel confident executing complex trading strategies because the Al helps me under-
stand the required steps.”

e  Automation Trust (system reliability):
“I trust Al systems to make accurate and responsible trading recommendations.”



Int. |. Financial Stud. 2025, 13, 210

27 of 52

e  Perceived Usefulness (task enhancement):
“Al systems improve the overall quality of my trading performance.”

These items will be included in confirmatory factor analysis (CFA) to establish conver-
gent and discriminant validity. The PCA scale specifically targets user belief in their own
cognitive capability under Al support, not belief in the Al system itself.

Appendix B. Simulation Agent Design: Virtual Trader and Digital
Persona Framework for Causal Inference

This appendix outlines the methodological design of the dual-agent simulation frame-
work used to evaluate the causal contribution of large language model (LLM) augmenta-
tion in retail investor behavior. The framework comprises two epistemically distinct but
empirically comparable agents: the Virtual Trader, constructed through a degradation-
based simulation of bounded rational cognition, and the Digital Persona, generated via
behaviorally conditioned prompting to emulate plausible retail investor decision patterns.
Together, these agents enable counterfactual inference in environments where traditional
control groups are infeasible due to the irreversible cognitive effects introduced by LLM
adoption (Gerlich, 2025; H.-P. Lee et al., 2025).

The Virtual Trader serves as a cognitively constrained counterfactual, allowing for
decision-level pairwise comparisons against LLM-assisted trades using identical infor-
mational inputs. Its architecture applies degradation across ten empirically validated
cognitive domains to simulate the limitations of unaided human reasoning under financial
uncertainty. This approach is grounded in bounded rationality theory (H. A. Simon, 1955;
Giarlotta & Petralia, 2024), the AMH (A. W. Lo, 2004), and recent studies documenting
persistent human-Al asymmetries in volatility interpretation, multimodal reasoning, and
emotional regulation (Z. Wang et al., 2023; K. Zhang et al., 2025).

The Digital Persona, by contrast, is designed to model human plausibility rather
than constraint. It is constructed using structured prompts that encode demographic,
psychological, and experiential investor attributes. By querying the LLM to “think like”
a representative retail trader under given market conditions, this agent provides a be-
haviorally realistic baseline for evaluating whether LLM-assisted trades deviate from or
merely replicate human decision heuristics. The logic draws on advances in generative
agent modeling (J. S. Park et al., 2023; Ghaffarzadegan et al., 2024) and computational
behavioral simulation (Lux & Zwinkels, 2018; Gao et al., 2024), and addresses the need
for multi-perspective benchmarking in AI-human comparison research (Han et al., 2024;
Ying et al., 2025).

This dual-agent design allows for triangulated causal inference: the Virtual Trader
estimates the lower bound of unaided human cognition, while the Digital Persona reflects
a demographically plausible behavioral midpoint. Their comparison to validated LLM-
assisted trades facilitates multidimensional performance attribution, helping disentangle
true cognitive augmentation from strategy mimicry or behavioral distortion.

The dual-agent simulation framework involves several methodological constraints
and design choices that reflect established practices in agent-based computational eco-
nomics rather than requiring extensive literature justification for each assumption. These
include the bounded cognitive degradation parameters applied to the Virtual Trader, the
non-learning and non-adaptive architecture of the Digital Personas, the exclusion of mem-
ory and feedback loops, the omission of social learning mechanisms, and the simplification
of cognitive interdependencies through modular rather than fully interactive impairments.
Such constraints align with the principle that agent-based models benefit from transparency
about simplifying assumptions and computational tractability considerations, where the
primary requirement is clear documentation of design choices and their implications rather
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than exhaustive literature support for every modeling decision (LeBaron, 2006; Lux &
Zwinkels, 2018). This approach follows the established agent-based modeling philosophy
that emphasizes generative explanation through algorithmic specification while maintain-
ing empirical adequacy in the model’s micro-specification (Epstein, 1999; Conte & Paolucci,
2014). Additionally, the simulation framework enables systematic assumption robustness
testing of the cognitive constraint parameters and behavioral typologies drawn from the
literature, revealing which assumptions most strongly influence model outcomes and vali-
dating the internal consistency of the theoretical framework. The framework prioritizes
methodological transparency, sensitivity analysis, and robust validation over extensive
citation requirements for technical implementation details, consistent with contemporary
standards in computational finance research.

While not designed to measure PCA directly, the simulation results may be consistent
with PCA-mediated behavioral changes, particularly in areas of multimodal integration
(where LLM-assisted agents can simultaneously process technical indicators, volatility
data, and macroeconomic signals), strategic complexity adoption (reflected in migration
from simple momentum strategies to sophisticated volatility-based instruments), and risk
perception calibration (evidenced by systematic differences in volatility interpretation and
position sizing between LLM-augmented and cognitively constrained baseline agents).

Appendix B.1. Dataset Construction and Requirements

Trade Sample Size
To ensure statistical robustness, we require a minimum of 500 matched trade pairs (LLM-
assisted and simulated), supporting the following:

e DPaired t-tests for return differentials (o = 0.05, power = 0.80).
e  Regression-based analyses of risk-adjusted performance.
e  Subgroup comparisons by strategy type and market regime.

This figure is based on power calculations for medium effect sizes (Cohen’s d ~ 0.5)
and standard econometric thresholds (Kang, 2021; McNulty, 2021; Firoozye et al., 2023).

Asset Selection
To minimize idiosyncratic noise and ensure strategic generalizability, the dataset shall
include 20-30 low-correlation assets (| p | < 0.3), drawn from the following:

e  Equities (e.g., AAPL, MSFT, IWM, QQQ).
e  Volatility ETFs (e.g., VXX, UVXY).
e  Macro instruments (e.g., TLT, GLD, BTC).

This structure enables cross-sectional validation and controls for strategy clustering
by asset type or beta exposure (Narayan et al., 2023; C. Sun, 2023).

Strategic Variants
Each trade pair shall be assigned one of canonical strategies, covering both intuitive and
complex forms, such as the following;:

e  Momentum (price breakout).

e Contrarian (mean-reversion with volatility filter).
e  Volatility overlays (e.g., long straddles).

e  Hybrid (momentum + IV skew).

e Event-driven (earnings, Fed policy).

e  Passive hold with timing overlays.

These categories are drawn from both academic typologies and practical trading
classifications (Galariotis, 2014; Ghosh, 2025).
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Operational trading families (consistent with OSF registration (Gimmelberg et al., 2025a)).

e  Directional: 1-9-week momentum/continuation or breakouts when long-trend and
Story gates hold.

e  Volatility overlays: long-vol versus short-vol expressions chosen by IV /term /skew
context to express dispersion or containment.

e Theta plays: income-oriented overlays that monetize time decay while respecting
structural levels and volatility posture.

e  Earnings-print plays: event-constrained tactics around expected move and term struc-
ture under explicit guardrails.

e  STORY (including Dividend STORY) with tactical overlays: actions conditioned on a
validated narrative, using overlays to scale in/out or harvest carry without breaking
the thesis.

e Temporary ranging long stocks: range-bound/channel tactics and pin-type overlays
when structural levels and positioning imply containment.

The simulations reported in this paper use only the families enumerated above; indi-
vidual option combinations are selected within-family under the risk policy and are not
enumerated here.

Market Regime Coverage

Trades should be distributed across the following:

e  Bull vs. bear markets.
e High vs. low volatility regimes (based on VIX > 20 threshold).
e [Earnings/non-earnings weeks.

This enables sensitivity analysis of LLM vs. human divergence under varying cogni-
tive loads (Q. Wang et al., 2024; W. W. Li et al., 2025).

Replicability note.

Because selection is procedural rather than a fixed list, the authoritative realized set
for this paper will be posted to OSF as ‘Registered Asset Universe’ artifacts: time-stamped
screener exports and contemporaneous option-chain snapshots for each decision timestamp.
Inputs are restricted to information available at the decision time (no-lookahead), with
cross-vendor sanity checks for prices, implied volatility, and open interest, T + 1 option flow
confirmation when flow inferences are used, and schema validation of chain completeness;
any procedural change is version-bumped and logged on OSF. Threshold values and
internal cutoffs are maintained in the registry.

Appendix B.2. Agent Architecture Overview

Table A4. Agent Architecture.

Agent Type

Design Logic Epistemic Role Simulation Method

Virtual Trader Cognitive constraint modeling Bounded human logic (lower bound) Degradation

Digital Persona

Behavioral emulation via
prompting

Demographically plausible behavior 2-step prompting

The Virtual Trader is built by applying empirically validated cognitive limitations to
the same informational input that drives LLM trade generation. The Digital Persona is
constructed by prompting an LLM to simulate a plausible retail investor under realistic
constraints. These simulations are matched against validated LLM-assisted trades to
evaluate whether observed performance uplifts are attributable to augmentation or strategy
selection bias.
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This dual-agent structure reflects two epistemological lenses: degradation identifies
the cognitive uplift of LLMs by modeling human limitations, while emulation reveals
whether LLMs deviate from plausible human behavior. Their complementary roles resolve
the fundamental causal attribution problem in post-LLM adoption settings.

Appendix B.3. Simulation Design: Cognitive Degradation Parameters

To simulate boundedly rational human decision-making under market complexity,
the Virtual Trader applies empirically validated degradations across several cognitive
dimensions. Each domain reflects a systematic constraint that distinguishes unaided human
cognition from LLM-assisted reasoning, drawing on experimental research in financial
decision-making, behavioral economics, and Al-human asymmetry studies (Henning et al.,
2025; Mainali & Weber, 2025).

These degradations are modular, probabilistically weighted, and dynamically interact-
ing, enabling flexible simulation of realistic investor performance under cognitive load. The
table below summarizes the performance differential between LLMs and human agents by
cognitive domain.

The following Table A5 presents a theory-informed proposal for cognitive asymme-
tries between LLM-assisted and unaided human decision-making relevant to financial
trading tasks. These ten dimensions are not intended as definitive, empirically validated
categories, but as an initial conceptual framework derived from adjacent research in be-
havioral economics, cognitive psychology, and emerging Al-human performance studies.
While preliminary findings from these fields suggest plausible performance differentials,
systematic empirical evaluation of these distinctions—particularly in complex financial
decision environments—remains limited. Table A5 summarizes expected qualitative differ-
ences across each dimension, serving as a structural guide for simulation parameterization
in the VT model. To avoid overstating the evidentiary status of these assumptions, detailed
research has been omitted from this paper. However, relevant studies informing specific
dimensions are cited within the accompanying simulation parameter descriptions.

Table A5. Proposed degradation dimensions.

Dimension

LLMs

Humans

Processing Speed

Quick execution per trade scenario;
process vast amounts of data
consistently without fatigue, large
context window

Slower evaluation; multimodal switching
cost, limited “context window”

Input Retention

No memory loss across input streams;
able to handle complex multisource data
simultaneously

Limited working memory; chance of
omitting secondary inputs under cognitive
load

Bias Resistance

Reduced susceptibility to emotional and
cognitive biases; biases present but
potentially mitigable; unaffected by
prior beliefs or emotions

Well-documented vulnerability to
emotional and cognitive biases in trading

Multimodal Integration

Synthesizes chart patterns, macro data,
and options Greeks simultaneously into
coherent reasoning

Often relies on few dominant signals or
simple heuristics due to overload or lack of
training

Fatigue and Focus

Performance stable over time; no
degradation across multiple
trade evaluations

Pattern detection errors rise after several
evaluations; accuracy drops with
time-on-task
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Table A5. Cont.
Dimension LLMs Humans
Parses IV skew, gamma, and vega High variance in interpretation;
Volatility Interpretation structures with consistency and misestimation of IV thresholds common
fewer errors among retail traders

Analytical Depth

Capable of generating detailed,
structured financial narratives and
scenario analysis

Dependent on intuition and experience;
struggles with scaling across large datasets

Adaptability and Learning

Retrainable on new datasets; consistent ~ Adapt in real-time through experience,
output over fixed training distribution  error correction, and feedback loops

Emotional Resilience

Creativity and Intuition

Unaffected by stress, mood, or fear of Emotional stress can degrade judgment,
loss; fully consistent under pressure increase error rates

Generates output from statistical pattern ~Capable of intuitive judgment and creative
recognition; lacks true creativity problem-solving under novel or ambiguous
or intuition conditions

This degradation, once operationalized, is modular and adjustable, enabling calibra-
tion for alternative cognitive baselines, investor profiles, and trade complexity:

1.  Information Processing Constraints

LLMs demonstrate superior processing speed across multiple data modalities rel-
evant to trading analysis. LLMs process text at 30~100+ tokens per second,’ analyzing
entire financial statements in seconds (Kiely, 2025), while human reading speed averages
200-300 words per minute with comprehension decreasing for complex material (Rayner,
1998; Brysbaert, 2019). Research shows reading speeds above 500-600 words per minute
cause significant comprehension loss (Rayner et al., 2016), and human attention spans
average only 76.24 s for sustained tasks (A. J. Simon et al., 2023). Financial analysis requires
sequential processing of numerical data, ratios, and contextual information—tasks where
humans are fundamentally limited by serial processing constraints due to working memory
capacity of approximately 7 & 2 information chunks (Miller, 1956), and cognitive load
limitations in financial decision-making (Broadbent, 1958; Parte et al., 2018; Rose et al.,
2004). In contract LLMs can simultaneously analyze price charts, CSV files, and tabular data
in seconds without modality-switching costs (S. Yin et al., 2024; Y. Zhang et al., 2024) while
maintaining context window of 200,000 tokens* (~150,000 words). Document processing
studies demonstrate Al systems analyze legal and financial documents 50-275 times faster
than human professionals (Grossman & Cormack, 2011; Martin et al., 2024). Trading analy-
sis may amplify these differentials because financial reasoning is cognitively complex and
time-consuming for humans (Rubinstein, 2013), whereas recent studies show LLMs extract
predictive signals from financial text quickly—e.g., GPT-style scores from news headlines
predict next-day returns and subsequent drift; LLMs also classify central-bank “Fedspeak”
in ways that map to market reactions - often matching or exceeding traditional baselines
(Lopez-Lira & Tang, 2024; Hansen & Kazinnik, 2024; Jadhav et al., 2025). Based on these
processing limits and sequential-attention constraints, we parameterize the Virtual Trader
to evaluate only 25% of the setups an LLM processes in the same interval. Simulation
Parameter: The Virtual Trader evaluates only 25% of the trade setups the LLM processes.
Formula: Throughput Reduction = 0.75.

2. Input Retention

Humans experience systematic information dropout under cognitive load, particu-
larly when processing multiple data streams simultaneously. Research demonstrates that
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working memory capacity limits humans to effectively monitoring 3-5 information streams
(Cowan, 2001), with performance degradation of 20-50% when exceeding these limits
(Lavie, 2005). Studies show inattentional blindness rates of 44-65% under high cognitive
load (Simons & Chabris, 1999), while divided attention tasks result in 30-40% information
loss for secondary inputs (Middlebrooks et al., 2017). Trading environments amplify these
limitations, with 51% of incidents attributable to situation awareness failures when moni-
toring multiple information sources (Leaver & Reader, 2016). In contrast, LLMs maintain
95-98% information retention across all input streams without selective attention con-
straints (J. Wang et al., 2024), processing multiple data modalities simultaneously without
performance degradation. Simulation Parameter: Random dropout of 1-2 informational
classes per trade with p = 0.35 probability across input types.

3.  Bias Resistance

The comparative analysis of cognitive biases in LLMs versus human decision-makers
reveals a nuanced landscape that defies simplistic categorization (Sumita et al., 2024). While
LLMs demonstrably exhibit systematic cognitive biases including anchoring, confirmation,
and overconfidence effects (Y. Zhang et al., 2023; Lou & Sun, 2024), research confirms these
biases are “measurable and mitigatable” through sophisticated intervention strategies.
Advanced techniques such as the AwaRe (Awareness Reminder) methodology, multi-agent
frameworks achieving 81% accuracy improvements, and self-help debiasing protocols have
shown substantial bias reduction capabilities (Sumita et al., 2024). When these sophisticated
mitigation approaches are systematically employed, LLMs arguably demonstrate superior
bias resistance compared to human traders, who face quantifiable performance costs of
2-7% annually from overconfidence and 3-5% from disposition effects (Campbell & Sharpe,
2009; J. Park et al., 2010; Cen et al., 2013). This suggests that technological solutions, when
properly implemented with comprehensive bias monitoring, may offer meaningful advan-
tages over human-only decision-making systems. Simulation Parameter (unified degrada-
tion formula): VTDS = o1 (A) + o(0) + a3(R) + ag(Re) + a5(C) + g (H) + oty (F) + ¢, where
research-based coefficients for anchoring (0.795), overconfidence (0.572), recency (0.71),
representativeness (0.773), confirmation (0.69), heuristic (0.434), and framing biases
(0.649-0.815) are weighted according to trading strategy and market regime requirements

4. Multimodal Integration

Multimodal integration reflects the fundamental disparity between human cogni-
tive processing bandwidth and LLM parallel processing capabilities in real-time financial
decision-making contexts (Vaswani et al., 2017; S. Yin et al., 2024). Human traders face sys-
tematic temporal constraints when attempting to synthesize multiple information streams
simultaneously within trading timeframes due to well-established cognitive bottlenecks in
concurrent information processing (Sweller et al., 2011; Pernagallo & Torrisi, 2022). Research
demonstrates that high cognitive load conditions under time pressure produce measur-
able performance degradation in both speed and accuracy, with systematic decrements
documented across laboratory and real-world environments (Ferrari, 2001; Rendon-Velez
et al., 2016; Castro et al., 2019; Ferrari, 2001; Castro et al., 2019). In contrast, LLMs can
process equivalent multimodal information through parallel channels without temporal
switching costs or capacity degradation (W. Zhang et al., 2024; ]. Huang et al., 2025). The
constraint therefore operates as a processing bandwidth limitation per unit of time rather
than absolute analytical capacity (Pernagallo & Torrisi, 2022)—human traders can process
extensive signal sets given sufficient time, but face systematic throughput restrictions under
real-time market conditions. The convergent evidence across disciplines provides specific
parameters for realistic trading simulations include: Cognitive capacity limits 34 items
in working memory (Cowan, 2001; Chai et al., 2018) degrading to effective processing
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of only few complex multimodal signals under trading conditions; Attention switching
costs: Measurable reaction time increases of 200-500 ms when switching between data
modalities, critical in fast-moving markets (Kuchinsky et al., 2024). This comprehensive
review suggests implementing the signal constraint in Virtual Trader simulations. The pa-
rameter reflects fundamental cognitive architecture limitations rather than lack of training
or expertise. Simulation Parameter: Use of only 4-5 signal types per trade setup.

5. Cognitive Fatigue and Focus

LLMs can evaluate complex trades faster than humans and humans suffer from
attention degradation. Based on cognitive fatigue research, sustained attention tasks cause
gradual performance degradation and vigilance decrement (Pimenta et al., 2014), with
accuracy dropping 15-25% after 4-6 consecutive evaluations (Behrens et al., 2023). Research
demonstrates that vigilance tasks cause performance decrements within 15 min of sustained
attention (Warm et al., 2008), with cognitive fatigue significantly impacting analytical
accuracy. Human working memory is limited to 3-5 chunks of information (Cowan,
2001), constraining simultaneous processing of complex financial data. Studies show
decision quality deteriorates with sustained cognitive load—physicians’ surgical scheduling
dropped by 33% toward shift end (Persson et al., 2019; Grignoli et al., 2025). LLMs process
information at computational speeds without fatigue, maintaining consistent performance
(Bartsch et al., 2023; Y. Li et al., 2025). Considering these limitations—working memory
constraints, vigilance decrements, decision fatigue, and need for breaks—we conservatively
estimate humans can effectively evaluate 25% of LLM throughput. This operationalization
reflects robust evidence that repeated decision-making depletes cognitive resources and
degrades performance accuracy (Eriksen & Eriksen, 1974; Baumeister, 2018). Simulation

Parameter: Add 25% to false positive rate after the 5th trade in each simulation session”.

6.  Volatility Interpretation

Human traders systematically misinterpret implied volatility (IV) skew and term
structure, leading to biased option pricing and suboptimal strike selection. This distortion
arises from a combination of perceptual biases, overestimation of tail risks, and systematic
overpricing of volatility—particularly among retail market participants. Empirical studies
document that traders frequently overweight low-probability events embedded in the
IV skew (Felix et al., 2020) and that retail-driven option markets exhibit inflated implied
volatilities inconsistent with objective risk (Choy, 2015). Laboratory and field experiments
further reveal that volatility perception is path-dependent and prone to misestimation,
with traders underestimating volatility after calm periods and overestimating it follow-
ing recent market turbulence (Payzan-LeNestour et al., 2023). These findings justify the
introduction of a volatility interpretation degradation in the Virtual Trader simulation,
specifically, a 30% probability that the trader misreads IV skew or term structure. Simula-
tion Parameter: Introduce a 30% chance of IV misreading and random strike selection error
for option construction.

7. Analytical Depth

LLMs consistently generate structured, multi-scenario logic, including defined entry,
target, and stop-loss frameworks (Yu et al., 2024; Liu et al., 2025). In contrast, human traders
typically rely on single-scenario forecasts and rarely employ formal risk controls. Industrial
and experimental data show most retail investors omit stop-loss planning, contributing
to disposition effects (Odean, 1998; Richards et al., 2017), and narrow scenario planning
is common without external scaffolding (Meissner & Wulf, 2013). Overconfidence further
exacerbates this neglect (Fenton-O’Creevy et al., 2003). Accordingly, the Virtual Trader
uses a single forecast and omits structured exit logic to realistically simulate this cognitive
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degradation. Simulation Parameter: Virtual Trader uses one forecast only; omits stop-loss
or target logic.

8.  Adaptability and Learning

Recent academic research underscores the structural learning asymmetry between
LLM-driven trading agents and human retail investors. Gu et al. (2024) demonstrate
that LLM-enhanced portfolio management systems employ reinforcement learning and
multimodal inputs to dynamically adjust strategic positions across evolving market con-
ditions, including volatility shifts and macroeconomic regime transitions. W. Zhang et al.
(2024) similarly show that LLM-powered financial agents integrate memory retrieval and
tool augmentation to modify trade logic responsively as external conditions change. In
contrast, extensive behavioral finance evidence documents the cognitive rigidity of retail
investors finding that individual traders exhibit low strategic adaptability resulting in poor
performance persistence (Seth et al., 2020; Tan et al., 2023). This contrast—LLM-enabled
regime-sensitive adjustment versus human heuristic inertia—necessitates divergent simula-
tion logic to ensure realistic benchmarking. Simulation Parameter: Human traders will be
simulated with no regime-level adaptation, applying a fixed strategic rulebook consistently
across market regime transitions (e.g., low to high volatility periods), reflecting empirically
observed patterns of strategic inertia and low learning capacity among retail investors. In
alignment with your simulation design, this parameter applies at the trade-to-trade and
market condition level, not within individual intraday sessions.

9. Emotional Resilience

Recent research confirms that Large Language Models (LLMs) demonstrate structural
emotional neutrality, maintaining consistent decision-making even under simulated emo-
tional pressure. Schlegel et al. (2025) show that LLMs like ChatGPT-4 solve emotionally
complex tasks without performance degradation, applying emotional reasoning consis-
tently regardless of emotionally charged content. Similarly, Fan et al. (2025) report that
LLM-generated outputs exhibit dampened emotional tone and resist volatile mood swings,
reinforcing their immunity to stress-induced distortions. In contrast, human retail investors
exhibit pronounced emotional reactivity. Bawalle et al. (2025) document widespread panic
selling among overconfident investors, driven by fear following losses. Finet et al. (2025)
further reveal that negative emotions in novice traders impair decision quality, triggering
premature exits or irrational trades. These asymmetries justify modeling retail investors
with a 15-20% probability of early exit after losses. This parameter appropriately reflects
empirical behavior, contrasting with LLMs” emotional consistency, and provides a realistic,
evidence-based input for behavioral trading simulations. Simulation Parameter: 15-20%
chance of early exit if previous trade was a loss, capturing empirically documented patterns
of panic selling and emotional reactivity among retail investors. This parameter, combined
with ¢ ~ U(0, 0.05), realistically reflects both the average probability and individual vari-
ability in loss-induced premature exits observed in behavioral finance research. Formula:
P(early exit) = 0.15 + ¢, with ¢ ~ U(0, 0.05).

10. Creativity and Intuition

The relationship between LLMs and human traders in the domain of creative strategy
generation reflects a structural asymmetry rather than a contradiction. Recent research
confirms that LLMs apply statistical logic with high internal consistency but lack genuine
creative generalization, limiting their ability to independently generate novel, unconven-
tional strategies (Lopez-Lira, 2025; Song et al., 2025). In contrast, human traders possess true
intuitive and innovative capacity, but this same attribute exposes them to measurable strate-
gic misfires, where gut-driven decisions frequently diverge from data-supported optimality
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(Uhr et al., 2021; Akepanidtaworn et al., 2023; Escobar & Pedraza, 2023). This behavioral
trade-off—innovation potential versus misalignment risk—is well documented, though
the precise misfire rate remains debated. For simulation purposes, a 10% misalignment
probability for human traders provides a conservative yet defensible operationalization of
this cognitive asymmetry. Simulation Parameter: 10% chance of generating a misaligned,
unconventional strategy appropriately reflects the lower-bound empirical risk of human
intuitive misfires while maintaining methodological caution.

Interdependency Modeling

Cognitive dimensions are not treated as independent. These interaction effects are imple-
mented via a dynamic rule-based engine, allowing for conditionally weighted impairments.

e  Fatigue increases dropout probability by 20%.
o  Emotional arousal increases IV misreading likelihood by 30%.
e  Bias susceptibility amplifies under volatile market regimes.

Interaction terms can be drawn from experimental cognitive models and task-level
simulation studies.

LLM Trade Validation Prior to Degradation

To ensure that degradation comparisons reflect cognitive impairment rather than input
error, only LLM trades passing a two-step confidence filter are subjected to simulation:

e  Signal Alignment Test: Trade rationale must show internal coherence across chart
structure, IV skew (implied volatility), and GEX (dealer gamma exposure) positioning.

e Confidence Scoring: Trade explanations must be rated “high confidence” by the
LLM'’s self-reflective prompt or a second-model verification (Ganguli et al., 2022a;
Shinn et al., 2024).

This safeguards the integrity of the Virtual Trader as a bounded cognitive simulation
rather than a corrupted input model.

Appendix B.4. Digital Persona: Prompt-Based Behavioral Emulation via LLM Prompting

The Digital Persona simulation models what a plausible, unaided retail investor might
decide under identical market conditions to those seen by an LLM-assisted agent. Rather
than simulating cognitive degradation, as with the Virtual Trader, the Digital Persona frame-
work aims to emulate behaviorally grounded human decision-making using a structured
prompting methodology. This approach enables a second axis of causal attribution: it allows
for the evaluation of whether LLM-enhanced trades reflect true cognitive augmentation or
merely replicate human-like behavior under complex financial conditions.

This modeling strategy draws upon agent-based simulation research (Lux & Zwinkels,
2018), generative persona frameworks (J. S. Park et al., 2023), and psychographic investor
classification from behavioral finance (Almansour & Elkrghli, 2023; Z. Jiang et al., 2024). By
capturing decision logic anchored in recognizable archetypes and modulated by psycho-
logical traits, Digital Personas provide a mid-range behavioral baseline for benchmarking
LLM outputs.

Investor Archetype Layer

Personas can be defined through empirically grounded investor types—each with clear
demographic and behavioral attributes. This structure ensures intuitive prompt generation,
supports experimental reproducibility, and allows researchers to systematically vary key
cognitive—emotional traits across simulations, consistent with documented heterogeneity
in retail investor behavior (Barber & Odean, 2000; Gerrans et al., 2023; Kumar, 2009).
Specifically, extensive research confirms that age, digital fluency, investment experience,
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and susceptibility to cognitive biases systematically influence both strategy preferences
and trading behavior (Grinblatt & Keloharju, 2009; Korniotis & Kumar, 2009; Warkulat &
Pelster, 2024). The proposed archetypes reflect these empirically established dimensions,
as defined in Table A6.

Table A6. Persona Types.

Persona Type Example

Core Characteristics Typical Strategy Profile Behavioral Biases

Conservative Retiree

Age 65+, income-focused, Bond ETFs, dividend . . . )
High loss aversion, inertia

low digital literacy stocks, low turnover
Tech-Savvy Millennial Age 25-35, high d1g1’fal C.r ypto, speculative tech, FOMO, recency bias
fluency, growth-seeking high-frequency trades
. Age 40-55, 10+ years Options spreads, sector Overconfidence,
Experienced Amateur market exposure, . :
L. rotation, event trades underreaction
rule-based cognition
Age 20-30, <2 years Meme stocks, trend . .
. . . . . . Herding, anchoring,
Novice Enthusiast experience, social media following, short-hold . .
. thrill-seeking
influenced momentum

Each example archetype is internally defined by risk tolerance, financial literacy,
emotional disposition, and trading platform familiarity—allowing prompt structures to
reflect not just socioeconomic labels but actionable decision tendencies. This typology aligns
with recent calls in behavioral finance to integrate psychological realism into computational
models of retail investor behavior (Lux & Zwinkels, 2018; Bortoli et al., 2019).

Causal Modeling Constraints

To maintain the scientific validity of the simulation, the following intentional exclu-
sions are applied:

e  No memory or feedback loops: Personas do not retain trade history or adapt based on
past outcomes.

e No reinforcement logic: Strategy choice is not influenced by synthetic rewards or
simulated gain/loss records.

e No social learning or community modeling: Personas are isolated from group senti-
ment, crowd signals, or simulated feedback mechanisms.

e  No path-dependent evolution: Risk profiles, biases, and strategy tendencies are fixed
within each simulation episode.

These exclusions are by design. Dynamic learning, memory, and reinforcement struc-
tures are reserved for future iterations involving hybrid agents. In this framework, the
Digital Persona functions as a bounded and non-adaptive control, preserving clean coun-
terfactual logic for causal inference.

Fidelity Anchors and Behavior Modulation

To enforce behavioral realism, the following mechanisms are implemented:

e  Risk-aligned decision logic: Personas with low risk tolerance avoid leveraged instru-
ments or multi-leg derivatives unless strongly justified by signals.

e  Emotionally modulated responses: Anxious profiles avoid volatility overlays during
VIX spikes; overconfident personas may chase trend reversals.

e  Trait-behavior congruence: Internal consistency is maintained between persona traits
and the chosen strategy (e.g., a Conservative Retiree cannot execute a long straddle
on TSLA).
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e  Heuristic structuring: Output logic emulates retail mental models—such as round-
number targeting, recency-based signal preference, or “confirmation bias” pattern
reinforcement.

Validation Protocols and Reproducibility Controls
To ensure methodological transparency and replicability, each simulation undergoes

the following validation tests:

Table A7. Validation Protocol.

Test Type

Purpose

Temporal Consistency Test

Re-running persona prompt with identical input at different times yields similar
outputs.

Cross-Scenario Coherence

Behavioral traits remain stable across regimes (bull, bear, neutral).

Framing Effect Control

Varying prompt phrasing does not cause illogical strategic divergence.

Temperature Sensitivity

Outputs are stable across runs at fixed temperature (set at 0.4).

Randomness Mitigation

Multiple iterations confirm output stability and noise resilience.

Prompt scaffolding is additionally standardized through template locking to ensure
lexical and structural consistency across archetypes.

It operationalizes the view that LLM-human comparisons must be anchored not only
in accuracy but also in ecological and psychological plausibility (Lux & Zwinkels, 2018;
Salemi & Zamani, 2024).

Appendix B.5. Performance Metrics and Evaluation Framework

Trade-level outcomes are compared using both absolute and risk-adjusted metrics to
enable multi-dimensional attribution of performance differences to cognitive constraints
rather than strategy selection or random market fluctuations, in line with established risk-
adjusted performance standards and error-of-omission diagnostics in financial research
(Barber & Odean, 2000; A. W. Lo & MacKinlay, 1988; Sharpe, 1994):

Table A8. Performance Metrics.

Metric Description
Return Absolute net gain/loss per trade (LLM vs. Virtual Trader)
Sharpe Ratio Risk-adjusted return measured over a rolling window, standardizing performance

relative to volatility exposure.

Max Drawdown

Largest cumulative loss from peak to trough

Win Rate

Percentage of trades yielding positive returns, reflecting execution consistency.

Missed Opportunity Rate

Percentage of profitable LLM trades skipped by the Virtual Trader, isolating the
behavioral and cognitive cost of bounded rationality and conservatism.

Latency-adjusted ROI

Return per unit of evaluation time, accounting for cognitive processing speed as a
contributor to performance differentials.

These complementary metrics allow for rigorous decomposition of performance dif-
ferences, ensuring that cognitive uplift from LLM augmentation is empirically distin-
guishable from alternative explanations such as strategy bias, volatility regime effects, or
random variation.
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Appendix B.6. Limitations and Extensions

Despite the methodological rigor of the dual-agent simulation framework, several
limitations persist that constrain internal validity, ecological realism, and generalizability.
These issues are addressed in part by a set of proposed extensions, designed to enhance
future iterations of this study.

Residual Methodological Constraints

1.  Baseline Dependence on LLM Validation
The quality of the Virtual Trader simulation is constrained by the reliability of the LLM-
assisted trade it mirrors. Without robust hallucination detection and contradiction
screening, the benchmarked trade may encode subtle structural flaws. Even validated
LLMs exhibit confident errors under stress scenarios or adversarial prompts (Ganguli
et al., 2022b; Shinn et al., 2024).

2. Static Agent Architecture
Digital Personas are designed as non-learning, non-adaptive agents to preserve causal
inference integrity. This excludes path-dependent decision-making, memory of past
trades, and incentive-based learning—all of which play meaningful roles in real-world
behavior. While this design choice ensures clean counterfactual attribution, it limits
realism, particularly for experienced investors (Lux & Zwinkels, 2018).

3. Absence of Trader-Type Calibration
Degradation parameters applied to the Virtual Trader are drawn from empirical aggre-
gate benchmarks but are not yet tailored to specific archetypes (e.g., high-frequency
traders, swing traders, retirees). This generalization may mask behaviorally relevant
asymmetries in bounded cognition across subgroups (Almansour & Elkrghli, 2023;
Ruggeri et al., 2023).

4. Ecological Validity Gaps
The simulation environment abstracts away real-world frictions such as bid-ask
spreads, slippage, mobile interface constraints, and platform-induced cognitive load.
These omitted variables are known to shape live trade execution behavior (Barber &
Odean, 2002; Wheeler & Varner, 2024).

Validation Architecture

To address foundational concerns around LLM infallibility and model reproducibility,
a multi-tiered validation framework is proposed:

LLM Baseline Reliability

e Ensemble Model Comparison: Cross-validation across distinct LLM families (e.g.,
GPT-4, Claude, Gemini).

e Confidence Scoring and Contradiction Detection: Flag low-certainty and conflict-
ing outputs.

e  Expert Calibration: Manual review of a sample of LLM trades by human finance experts.

Adversarial and Regime Testing

e  Hallucination Stress Tests: Detecting factual inconsistencies in rationale.

e  Bias Amplification Monitoring: Checking for recency, confirmation, and availability biases.

e  Scenario Boundaries: Evaluating LLM consistency in volatile markets and during
black-swan events.

Reproducibility and Robustness Protocols

To ensure internal coherence and external generalizability, a triple-validation architec-
ture is recommended:
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Table A9. Internal & External Coherence.

Validation Tier

Purpose

Internal
External
Temporal

Trait-behavior coherence in Personas; degradation logic stability across trade types
Consistency with behavioral finance findings and retail trading datasets
Simulation outcomes replayed on out-of-sample market data for cross-period validation

Reproducibility is further supported by bounding randomness (LLM temperature = 0.4),
prompt anchoring, and multiple reruns per scenario.

Appendix B.7. Sensitivity and Stress Testing

Simulation fidelity can be improved through parameter sensitivity analysis, including
the following:

e  1+20% variation across all degradation weights.

e  Alternate prompt constructions for the same persona.

e LLM output variation across prompt phrasings and temperature ranges.

e Strategy divergence testing under high-volatility, low-liquidity, and regulatory
change scenarios.

These extensions allow the framework to quantify how tightly results depend on
model configuration choices.

Pathways for Extension and Scalability

Future research should explore the following:

e  Hybrid Agents: Combining degradation-based impairments with stable persona traits
to simulate boundedly rational learning agents.

e Reinforcement-Conditioned Personas: Selectively enabling feedback loops in simula-
tion sessions longer than 10 trades.

e Memory Integration: Using tokenized state representation to simulate persistent
trade cognition.

e  Real-Time Market APIs: Embedding streaming volatility and flow data into simula-
tion contexts.

e  Cross-Market Generalization: Testing framework adaptability in international and
decentralized finance (DeFi) markets.

Appendix B.8. Human Validation

Human validation of simulated trades will be employed to mitigate concerns regarding
algorithmic specificity and enhance the external validity of findings. Following established
validation methodologies from clinical decision-making research (Peabody et al., 2000;
Lakens, 2017), a panel of 30-50 practicing traders recruited via brokerage partners will
evaluate anonymized trade vignettes executed during the dual-agent simulation. Each
trader independently decides whether they would “buy,” “sell,” “hold,” or “skip” each
scenario, providing a direct comparative benchmark against simulated outcomes. A logistic
mixed-effects model will then assess the alignment between human and simulated deci-
sions, formally testing equivalence using the two-one-sided procedure recommended by
Lakens (2017). Although the number of respondents is modest, the clustered data structure
yields approximately 400 decision points, providing sufficient statistical power for inference
(Snijders & Bosker, 2012). Key limitations of this approach, particularly potential digital-
literacy bias among brokerage-sourced respondents, will be explicitly acknowledged in the
discussion to avoid undue generalizations.
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Appendix B.9. Behavioral Bias Operationalization (Investor-Level)

This subsection pre-specifies investor-level bias measures for the Large Language
Model (LLM)-Augmented Trader (LAT) and its two replay controls—the Virtual Trader (VT;
bounded-rule comparator) and the Digital Persona (DP; behaviorally specified baseline).
These measures are computed from existing workflow artifacts and are compatible with

pre-registration and versioning.

Table A10. Behavioral bias operationalization (investor-level).

Measure

Operational Rule (Summary)

Inputs (From Workflow)

Interpretation

Calibration error
(probabilistic)

For decisions with explicit
probabilities, compute Brier score and
decompose into

reliability / resolution/uncertainty;
where interval forecasts are present,

report empirical coverage vs. nominal.

Aggregate by agent and period.

Decision records with
stated probabilities and /or
intervals; realized
outcomes

Lower Brier and higher
reliability imply better
calibration

Disposition effect
(PGR-PLR)

Compute Proportion of Gains Realized
(PGR) minus Proportion of Losses
Realized (PLR); for options, define
gains/losses via mark-to-market
relative to entry/basis at decision time.

Trade logs and timestamps;
mark-to-market states;
closing/roll actions

Higher PGR-PLR
indicates a stronger
disposition effect

Selective exposure
(confirmation)

Share of belief-congruent vs.
incongruent evidence tokens in each
decision’s recorded evidence slate;

LAT/DP evidence logs
(tokenized sources/claims),

Higher congruent-share
indicates stronger

aggregate by agent and period.

decision label selective exposure

Appendix B.10. Strategy Structural Complexity (SSC) Coding (C0-C3)

Purpose and rubric. To enable like-for-like comparisons across LAT, VT, and DP (and
later the human vignette panel), each trade is labeled with an ordinal SSC code reflecting its
structural sophistication: CO minimal (single-leg; no time-staging; no explicit vega posture;
no conditional steps); C1 basic structured (two-leg directional/covered; one conditional
decision node; no ratio or time-staging); C2 defined-risk or time-staged (multi-leg defined-
risk spreads such as iron butterflies/condors, or calendars/diagonals with explicit term-
structure rationale; two or more conditional steps; explicit long/short-vol stance); C3
path-dependent/cross-Greek (delta-neutral or ratio structures; staged exits; explicit cross-
Greek management; three or more conditional steps). Tie-break rules: calendars/diagonals
default to C2; ratio backspreads default to C3; covered calls/cash-secured puts default to
C1; four-leg defined-risk spreads default to C2 unless a delta-neutral management plan is
explicit (then C3). The SSC label is used as a PCA-relevant outcome for Equation (1)—e.g.,
Pr(C > 2)—and for descriptive reporting of complexity distributions by condition and over
time; it does not alter the pre-specified continuous components. The coding aligns with the
strategy families listed in Appendix B and mirrored in the OSF preregistration; the brief
SSC guide and worked examples will be uploaded to the OSF record as a new component.

Appendix C. Candidate Empirical Methods for Market-Level Diagnostics

This appendix outlines candidate empirical techniques for observing whether cu-
mulative behavioral changes induced by LLM usage among retail investors manifest in
measurable market patterns. These methods are designed to complement the BSI and the
investor-level diagnostics presented in Step 5 and Section 2.6 of the main text. While the BSI
captures within-investor transitions in risk profile and strategic complexity, the methods
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below serve as diagnostic tools for evaluating whether such shifts leave detectable traces at
the asset or market level.

These diagnostics are not treated as predefined hypotheses or core validation tools, but
as optional extensions that align with the dual theoretical lens of EMH and AMH presented
in Section 5.

The selection of candidate diagnostics follows established empirical practices in finan-
cial econometrics and behavioral finance. All methods listed below have been extensively
applied in prior research to detect deviations from informational efficiency, structural shifts,
and adaptive behavioral patterns in asset markets. Techniques such as matched asset
comparisons (Barber et al., 2009; Abadie et al., 2010), structural break tests (Bai & Perron,
2003; Pastor & Veronesi, 2013), and variance ratio analysis (A. W. Lo & MacKinlay, 1988)
represent standard approaches for identifying price anomalies and testing market efficiency.
Similarly, diagnostics aligned with the AMH—such as anomaly decay modeling (Mclean &
Pontiff, 2016), phased adaptation timelines (Hommes, 2013; A. W. Lo, 2019), and behav-
ioral clustering metrics (Khorana et al., 1999; Barber et al., 2021)—are well documented in
both theoretical and applied studies. While the specific application to LLM-induced retail
investor behavior is novel, the methodological foundation draws directly from validated
tools widely used in the empirical study of market dynamics.

Appendix C.1. EMH-Aligned Diagnostics: Detecting Deviations from Informational Efficiency

These methods aim to assess whether LLM-induced behaviors give rise to price
patterns inconsistent with the weak-form or semi-strong-form EMH, such as persistent
abnormal returns, delayed price reactions, or volatility clustering.

Table A11. EMH Alignment Diagnostic.

Method

Description Key Metric

Matched Asset Counterfactuals

Compare high-LLM-exposure assets

with volatility- and beta-matched Differential Sharpe ratios, return
control assets to isolate LLM effects  drift, realized volatility

on performance and volatility

Event Window Structural Breaks

Use LLM release points (e.g.,
ChatGPT, GPT-4) as anchors to detect
structural breaks in return
distributions or volatility regimes

Chow tests, Bai-Perron segmentation

Examine whether LLM-flagged

Return Drift/Variance Ratio Testing  trades or tickers show non-random Variance ratio, autocorrelation, CARs

post-entry price behavior

Appendix C.2. AMH-Aligned Diagnostics: Interpreting Adaptive Behavioral Evolution

These methods evaluate whether observed anomalies persist, decay, or adapt over
time—consistent with the AMH’s interpretation of market behavior as the result of bounded
rational learning and environmental adjustment.
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Table A12. AMH Alignment Diagnostic.

Method Description Key Metric

Model anomaly persistence as a
Time-Interacted Anomaly Decay function of time since LLM diffusion,
capturing performance normalization

Time-interacted Sharpe ratio
regressions, cohort decay coefficients

Operationalize AMH as a timeline:
Stage 1 (0-6 months: surge); Stage 2
(6-18 months: crowding); Stage 3
(18+ months: absorption)

Three-Stage Adaptation Timeline Time-windowed anomaly strength

Detect convergence in retail behavior
via prompt similarity, repeated ticker
targeting, or synchronized entry
timing

Cosine similarity (prompts);
correlation matrices (tickers);
timestamp clustering

Strategy Clustering and Mimicry

Appendix C.3. Integration with Core Behavioral Framework

These candidate methods extend the individual-level measurement framework—
centered around the BSI—into observable financial data. Their role is diagnostic: to
identify whether LLM-induced behavioral shifts accumulate into statistically significant,
time-sensitive, or cohort-specific effects in asset prices and flows.

Researchers may implement these methods based on data access and the specific
characteristics of their sample (e.g., brokerage-level execution logs, prompt history, or
Reddit/Twitter behavioral proxies). These tools also allow for triangulation: behavioral
survey data (e.g., perceived control, confidence miscalibration) can be paired with asset-
level diagnostics to assess whether psychological shifts are market-reflected.

Notes

! GARCH—Generalized autoregression conditional heteroskedasticity model.

2 https:/ /osf.io/ (accessed on 30 August 2025).

3 For most LLMs, 4 tokens approximately equals 3 words, https://www.baseten.co/ (accessed on 30 August 2025).
4 https:/ /www.anthropic.com/claude/sonnet (accessed on 30 August 2025).

5

While both Processing Speed and Cognitive Fatigue limitations may contribute to reduced human throughput relative to LLM
performance, the current framework treats these as potentially overlapping but conceptually distinct constraints. The 25%
throughput estimate suggested for processing speed analysis may partially or fully encompass fatigue-related decrements.
Further empirical investigation is required to decompose these effects and determine whether they represent independent or
confounded limitations. For the purposes of this simulation framework, we implement separate parameters while acknowledging
this represents a preliminary operationalization pending empirical validation.
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