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Abstract

As Large Language Models (LLMs) are in-
creasingly adopted in decision-making, there
is a growing need to better understand the
behavioural patterns underlying their reason-
ing. Evaluation is one of the primary ap-
proaches used to study model behaviour. How-
ever, most existing LLM evaluations rely on
task-based benchmarks that summarise perfor-
mance through aggregate scores. While effec-
tive for comparing model performance, such ap-
proaches provide limited insight into the latent
behavioural tendencies that drive biased rea-
soning. In this paper, we propose a construct-
based evaluation framework for studying cog-
nitive bias in LLMs grounded in psychometric
evaluation. We systematically perturb prompts
across controlled conditions to analyse reason-
ing behaviour. From model responses, we de-
rive behavioural features capturing susceptibil-
ity, robustness, correction, and variability, and
apply latent variable modelling to infer underly-
ing behavioural constructs. Our findings show
that cognitive bias in LLMs is structured and
dynamic, varying across bias type, model fami-
lies, and scale.

1 Introduction

Large Language Models (LLMs) demonstrate
strong performance across language understanding,
reasoning, and problem-solving tasks (Pan et al.,
2024; Dziri et al., 2023). However, their internal
decision-making mechanisms remain poorly un-
derstood, making it difficult to evaluate how these
systems reason, generalize, and make decisions
reliably (Tamkin et al., 2021; Burnell et al., 2023).

Humans are boundedly rational and system-
atically biased in their judgments and decision-
making processes (Tversky and Kahneman, 1974).
These lead to systematic deviations from rational
reasoning, characterized as cognitive bias (CB)
(Gilovich et al., 2002). LLMs are trained on human-
generated data and further fine-tuned using human
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instructions and reinforcement learning from hu-
man feedback (RLHF) (Ouyang et al., 2022). As a
result, they are likely to inherit not only linguistic
structure but also statistical regularities of human
reasoning, including CBs embedded in training
data and feedback signals (Caliskan et al., 2017).

Existing discussions of reliability and fairness
in LLMs have focused primarily on societal bi-
ases, including gender, political, and ethical biases
(Wan et al., 2023; Bowen III et al., 2024; Rozado,
2024). These biases often stem from social and
historical inequalities in training data, manifesting
as discriminatory behaviour toward demographic
groups (Wan et al., 2023). In contrast, CBs emerge
from systematic error tendencies in reasoning and
judgment itself, often through heuristic decision-
making processes under uncertainty (Tversky and
Kahneman, 1974). As a result, CBs are expressed
less as explicit discriminatory outputs and more
as behavioural tendencies, making them inherently
more difficult to identify and evaluate.

CB evaluations for LLMs typically rely on task-
based benchmarks (Burden et al., 2025), for exam-
ple, a model may exhibit 45% confirmation bias
and 25% anchoring bias, these scores capture the
frequency of biased responses but not the shared
mechanisms and behavioural tendencies underly-
ing them (Burnell et al., 2023). While behaviour
may vary across contexts and prompt formulations,
task-based evaluations provide limited insight into
whether such variation reflects transient prompt
effects or consistent reasoning patterns.

This limitation highlights a mismatch between
the nature of CB and evaluation paradigms often
used to measure it. CBs are not isolated prediction
errors or task-specific failures; rather they reflect
underlying tendencies in reasoning and judgment
manifesting across contexts and decision-making
conditions (Tversky and Kahneman, 1971). As
shown in Figure 1 task-based evaluations, instead,
treat response as independent observations reduc-
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Figure 1: Task-based evaluation and the proposed construct-based evaluation framework for studying CBs in LLMs.
Task-based approaches evaluate isolated prompt-response outcomes and aggregate them into benchmark bias scores,
whereas the proposed framework models CBs as a latent behavioural construct inferred from correlated response
patterns across systematically perturbed prompting conditions.

ing behaviour to aggregate metrics, obscuring the
latent structure that gives rise to biased reasoning
(Burden et al., 2025).

Psychometrics provides a framework to address
this limitation (Bowen III et al., 2024) by treating
unobservable psychological attributes, such as in-
telligence and reasoning ability, as latent constructs
from observed behavioural patterns (Burnell et al.,
2023). Similarly, CBs reflect underlying tenden-
cies that cannot be directly measured from single-
task outcomes. Thus, in this paper we propose a
construct-based framework to study CBs in LLMs.

We model CBs as latent behavioural con-
structs emerging across prompting conditions and
decision-making contexts. To assess these patterns,
we systematically perturb prompts and analyse how
model responses change under these transforma-
tions. We then use latent variable modelling to
infer CB constructs from correlated response pat-
terns across conditions, going beyond aggregate
scores toward interpretable and generalizable ac-
counts of CB in LLMs. Our contributions are: (i) a
construct-based framework for evaluating CBs in
LLMs grounded in psychometrics; (ii) a structured
perturbation methodology that systematically mod-
ifies prompts across multiple conditions to anal-
yse behavioural sensitivity and stability; and (iii)
latent variable modelling of CBs as emergent be-
havioural constructs inferred from correlated re-
sponse patterns rather than isolated benchmark out-
comes, leading to deep insights into CBs in LLMs.

2 Related work

LLM Benchmarks. LLM evaluation often fo-
cusses on factual knowledge (Hendrycks et al.,
2020; Srivastava et al., 2023; and Phan et al., 2026),
with benchmarks presenting a wide range of cu-
rated questions on a variety of topics across fields
to test a model’s world knowledge and problem-
solving capacity. To avoid memorisation (Ahmed
et al., 2026), researchers have been developing
benchmarks designed to “catch out” models rely-
ing on these habits. Truthful QA comprised ques-
tions that humans could answer falsely due to false
beliefs or misconceptions (Lin et al., 2022). Top-
performing models had to avoid generating false
answers learned from human texts. Previous work
(Liang et al., 2023) moved beyond raw knowl-
edge/recall and binary correct/incorrect measure-
ment, by evaluating uncertainty calibration, robust-
ness (to typos/formatting changes etc.), fairness
(consistency across demographic contexts), bias
(degree of stereotypical associations), toxicity (like-
lihood of harmful outputs) and efficiency. Recent
work (Gostev, 2026) measures whether models de-
tect nonsense, call it out, and avoid confidently
continuing with invalid assumptions.

CB and Heuristic Reasoning. Human decision-
making uses heuristics, which act as cognitive
shortcuts that simplify reasoning under uncertainty
(Tversky and Kahneman, 1974), enabling efficient
judgment, but leading to systematic deviations
from normative reasoning if applied inappropri-
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ately (Srivastava et al., 2023). These deviations
characterize CB and commonly emerge from un-
certainty, incomplete information, or probabilistic
reasoning (Tversky and Kahneman, 1981). Unlike
random errors, CBs are stable distortions in infor-
mation perception, processing, and integration for
decision-making (Coda-Forno et al., 2024).

CBs have been extensively studied in psychology
and behavioural economics, leading to the identi-
fication of reasoning distortions associated with
distinct heuristic mechanisms (Kahneman, 2011).
In this work, we examine a representative set of
biases spanning probabilistic reasoning (Base-rate
Fallacy, Gambler’s Fallacy), belief updating (Con-
firmation Bias, Hindsight Bias), affective weight-
ing (Negativity Bias), and social influence effects
(Bandwagon Effect, Suggestibility) (Haselton et al.,
2015). Table 1 summarizes the selected biases and
their definitions.

Bias Definition

Anchoring Over-reliance on initial refer-
ence values

Bandwagon Tendency to align with major-

Effect ity opinion or popular belief

Base-rate Fallacy

Confirmation
Bias

Gambler’s Fal-

lacy

Framing Effect
Negativity Bias
Hindsight Bias
Outcome Bias

Suggestibility

Von Restorff Ef-
fect

Neglect of base rates in favour
of specific information
Tendency to provide greater
importance to evidence that fit
existing beliefs

Belief that past events affect
independent future outcomes
Decisions influenced by how
information is presented
Greater weight assigned to
negative information
Perceiving past events as more
predictable after they occur
Judging decisions based on
outcomes

Susceptibility to leading infor-
mation

Improved recall for distinctive
or salient items

Table 1: The set of CBs used in this study. Full defini-
tions provided in Appendix A.

CB Evaluation in LLMs. Several benchmarks

show that LLMs exhibit systematic deviations from
normative decision-making behaviour, including
susceptibility to a range of CBs (Malberg et al.,

2024; Echterhoff et al., 2024; Shaikh et al., 2024).
Coda-Forno et al. (2024) adapted classical cogni-
tive psychology experiments to assess probabilis-
tic reasoning and risk-related behaviour in LLMs,
while also analysing the effects of model scale
and reinforcement learning from human feedback
(RLHF). Echterhoff et al. (2024) proposed a large-
scale evaluation suite designed to probe prompt-
induced and sequential CB, as well as mechanisms
for mitigation and self-correction. Malberg et al.
(2024) conducted an extensive analysis of 30 CBs
demonstrating that biased behaviour is widespread
across architectures and model families. Comple-
menting this, Shaikh et al. (2024) used influence-
based analysis to identify which prompt compo-
nents are most responsible for eliciting biased rea-
soning patterns in frontier models.

3 Dataset Generation

Metamorphic testing (MT) is commonly used in
software engineering to validate programs in the ab-
sence of test oracles for checking correctness. MT
relies on metamorphic relations, expected relation-
ships between multiple inputs and their correspond-
ing outputs (Segura et al., 2016). For LLMs, MT as-
sesses correctness through consistency constraints,
i.e., if two inputs differ only in aspects that should
not affect the underlying reasoning, the outputs are
expected to remain invariant, with violations inter-
preted as deviations in model behaviour (Ribeiro
et al., 2020). Using this framework, we systemati-
cally generate different types of prompts to probe
specific aspects of heuristic reasoning, operational-
ized along four dimensions: (i) bias susceptibility,
(ii) stability under perturbation, (iii) bias dynamics,
and (iv) meta-cognitive correction, which are tested
through the following metamorphic prompt types:

Minimum Functionality Test (mft): baseline
decision task without bias-inducing cues, represent-
ing the reference judgment.

Cognitive Bias Test (bias): introduces a heuris-
tic cue designed to induce a specific bias. Devia-
tions from the mft response indicate bias suscepti-
bility.

Invariance Tests (INV): evaluate robustness
of biased judgments under irrelevant perturba-
tions. Four variants are used: contextual distractors
(INYV), irrelevant temporal details (I NVrgarp),
metadata perturbations (/NVy;gr4), and unre-
lated numerical values (/N V).

Directional Strength Tests (DIR): manipulate
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bias intensity using strengthened (DI Ry, ) and
weakened (DIRy,,,) biasing signals to evaluate
whether bias can be amplified or attenuated through
controlled cue variation.

Opposing Test (OPP): reverses the biasing sig-
nal while preserving task structure to evaluate di-
rectional symmetry in model responses.

Meta-cognitive Test (1m..4): explicitly warns
about potential CBs to assess self-correction.

Each baseline task is expanded into multiple
prompt variants using MT, implemented as mini-
mal localized modifications to the original scenario,
allowing behavioural differences to be attributed to
the intended metamorphic manipulation.

The dataset contains 11 CBs, each with 45 base-
line task. Each task requires probabilistic judg-
ment under uncertainty, where CBs are most likely
to emerge. Table 2 summarizes the distribution
of test conditions across bias groups. The biases
were grouped into Group A and Group B based
on the structural nature of the heuristic cues asso-
ciated with each bias. Group A contains biases
with continuous or scalar cues (e.g numerical val-
ues in Anchoring Bias or the severity of phrasing
in Negativity Bias). Since these cues exist on a
continuum, they can be systematically amplified
or weakened, making them suitable for Directional
Strength Tests (DIR). In contrast, Group B contains
biases with binary or categorical cues (Hindsight
Bias or Outcome Bias). Since these cues represent
discrete states (whether an event occurred or not),
they cannot be meaningfully scaled in strength but
can be logically reversed. Therefore, Group B bi-
ases are evaluated using Opposing Tests (OPP).

Component Details

CBs 11

Base Tasks per Bias 45

Total Base Tasks 495

Test Conditions by Group

All (11 biases) 7 tests (CF only)
Group A (6 biases) 9 tests (CF + DIR)
Group B (3 biases) 8 tests (CF + OPP)
Total

Total Prompt Variants 10,935

Response Scale 1-7 (Probability Bins)

Table 2: Dataset summary and distribution of MT con-
ditions across CB groups. CF denotes common test
conditions applied to all biases, including mft, bias,
INV, and m.,g. Different test groups are assigned based
on the conceptual characteristics of each CB.

All biases include a common set of test con-
ditions, while additional tests are applied where
conceptually appropriate. All prompts are evalu-
ated zero-shot and each query is issued indepen-
dently with no conversational context. The order of
prompt conditions is randomized to mitigate order-
ing effects. We set temperature to zero to ensure
reproducibility and eliminate sampling variability.
Prompt templates are provided in Appendix C.

4 Feature Engineering

We calculate the following features:

Bias Susceptibility measures how much a
heuristic cue shifts the model response relative
to the baseline condition: Bias Susceptibility =
w. Normalization by the maximum possi-
ble shift on the 1-7 scale constrains the feature to
[—1, 1], where the sign indicates direction and the
magnitude reflects bias strength.

Distraction Magnitude: measures sensitivity
to irrelevant perturbations under invariance condi-
tions. For each invariance variant, it is computed
as the absolute deviation from the bias condition.
Larger deviations indicate that irrelevant informa-
tion has altered the biased state, reflecting instabil-
ity.

Correction Magnitude quantifies the reduc-
tion in bias following meta-cognitive intervention:
MCOG pagnitude = |bias—m ft|—|meog—mft|.

Correction Direction is the direction of residual
deviation after meta-cognitive intervention, com-
puted as the difference between m.,4 and m ft.

Variability measures response consistency
across all prompt variants for a given task and is
computed as the standard deviation across condi-
tions.

Elasticity is the magnitude of volatility under
strength manipulation, measuring response shift
when heuristic cues are altered, regardless of di-
rection. For Group A, it is computed as the com-
bined shift between strengthened and weakened
conditions relative to the BIAS state: Elasticity =
|DIRpgn — bias| + |bias — DI R4, |. For Group
B, it is the absolute difference between the bias and
OPP conditions, capturing the response shift under
bias reversal. Higher values indicate greater sen-
sitivity to prompt perturbations and lower values
suggest more rigid behaviour.

Asymmetry evaluates sensitiveness to strength-
ening or weakening of the bias signal (Group A
only): Asymmetry = |DIRy;qp, — bias| — |bias —
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DIRy,,|. Positive values indicate higher sensitiv-
ity to bias amplification, negative values indicate
higher sensitivity to reduction, and near-zero values
show symmetric responsiveness.

Directional Asymmetry evaluates symmetry be-
tween bias-inducing and bias-reversing conditions
relative to the baseline: Directional Asymmetry =
|bias—m ft|—|OPP —mft|. Positive values indi-
cate stronger deviation under the biased condition,
negative values indicate stronger influence of the
opposing condition, and values near zero indicate
symmetric sensitivity.

5 Latent Variable Modelling

We use latent variables to uncover and validate
hidden behavioural constructs underlying CBs in
LLMs. The analysis follows three stages. Ex-
ploratory Factor Analysis (EFA) is conducted
separately for each group to discover latent struc-
tures in behavioural responses without imposing
prior assumptions (Costello and Osborne, 2005;
Fabrigar et al., 1999). Confirmatory Factor Anal-
ysis (CFA) validates whether the identified la-
tent constructs explain observed correlations in be-
haviour (Brown, 2015). Finally, Structural Equa-
tion Modelling (SEM) is applied to model relation-
ships among validated constructs and observed be-
haviours within a unified framework (Kline, 2005).

6 Results

We evaluate 22 LLMs spanning multiple families,
sizes, and alignment strategies (see Table 3).

6.1 Feature Analysis

Feature distributions show sufficient variability for
subsequent analysis (see Appendix B). Sampling
adequacy was evaluated using the Kaiser-Meyer-
Olkin (KMO) measure. The global feature set
achieved a KMO of 0.73, while Group A and Group
B obtained KMO values of 0.698 and 0.623, respec-
tively. Although the Group B value is compara-
tively lower, it remains within the acceptable range
for EFA. Bartlett’s test of sphericity was highly
significant across all feature groups (p < 0.001),
rejecting the null hypothesis that the correlation
matrices are identity matrices.

Latent Factor Selection: Groups A and B both
exhibited clear three-factor solutions, with eigen-
values exceeding the Kaiser criterion (> 1) and
corresponding random eigenvalues. In contrast, the
shared feature set supported a two-factor solution,

as the third eigenvalue only marginally exceeded
the random baseline (see Appendix B).

6.2 Factor Analysis

We applied EFA using the features calculated to
extract latent behavioural dimensions across all
groups. This was implemented using the Python
package factor_analyzer with the default principal
axis factoring method and Varimax rotation, which
produces orthogonal factors that maximize inter-
pretability. Factor loadings above 0.4 were con-
sidered significant. We assign interpretable names
to the detected factors based on the features that
loaded strongly on each of them. Three consistent
factors emerged across groups (Figure 2):

Factor 1 is dominated by invariance-based fea-
tures captures the extent to which models maintain
stable reasoning in the presence of distractors and
is interpreted as Attentional Filtering (AF). Fac-
tor 2 is associated with Bias Susceptibility and
Meta-cognitive Direction. These factor reflects the
directional tendency of models to follow heuris-
tic cues and is interpreted as Heuristic Reliance
(HR). Factor 3 is characterized by Bias Elasticity,
Asymmetry, and variability, captures how biases
evolve under manipulation and is interpreted as
Bias Dynamics (BD). The cumulative explained
variance is 41.5% for the shared feature set, 52.3%
for Group A, and 55.6% for Group B. These re-
sults suggest that the extracted factors provide a
meaningful summary of the underlying behavioural
tendencies across models and conditions.

6.3 Bias Factor Score

Interpretation of latent factors follows from feature
construction and z-score normalization. AF is de-
rived from absolute deviation measures, positive
values indicate distractibility, while negative values
reflect robustness. HR measures the magnitude and
direction of heuristic influence, positive and nega-
tive values indicating upward (push) and downward
(pull) shifts relative to baseline, respectively. BD
characterizes behavioural flexibility, positive val-
ues indicate volatile, amplification-prone biases,
whereas negative values reflect more rigid biases.
Near-zero scores correspond to approximately aver-
age behaviour across models. These interpretations
align with the raw response trajectories. For ex-
ample, in Figure 3, the Outcome Bias condition
shifts below MFT, producing negative HR, indicat-
ing movement opposite to the heuristic direction.
The AF dimension: Base-rate Neglect (—0.26),
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Family Model Architecture Total Params Context Alignment
OpenAl GPT-3.5-Turbo 175B — 16K RLHF
GPT-4 — >1T 128K RLHF
GPT-5.4 MoE — M RLHF/RLAIF
Anthropic  Claude Sonnet 4.5 — — 200K RLHF
Claude Opus 4.5 — — 200K RLHF/RLAIF
Claude Sonnet 4.6 — — M CAI/RLHF/RLAIF
Claude Opus 4.6  — — M CAI/RLHF/RLAIF
Google Gemma 2 9B Dense 9B 8K SFT/RLHF
Gemma 3 12B Dense 12B 128K SFT/RLHF
Gemma 3 27B Dense 27B 128K SFT/RLHF
Gemma 3n e4B MoE 10B 128K SFT/RLHF
Meta LLaMA 3.1 8B Dense 8B 128K SFT/RLHF
LLaMA 3.2 3B Dense 3B 128K SFT/RLHF
LLaMA 3.3 70B Dense 70B 128K SFT/RLHF
Mistral Mistral 3B Dense 3B 131K SFT/RLHF
Mistral 8B Dense 8B 262K SFT/RLHF
Mistral 14B Dense 14B 262K SFT/RLHF
Qwen Qwen 2.5 72B Dense 72.7B 131K SFT/RLHF
Qwen3 235B MoE 235B 262K RL
Qwen 3.5 27B Dense 27B 262K —
DeepSeek DeepSeek V3.1 MoE 671B 128K —
DeepSeek V3.2 MoE 671B 131K —

Table 3: Overview of the evaluated language models, including model family, architecture type, parameter scale,
context window size, and alignment strategy. A dash (—) denotes information that is unavailable or undisclosed.

Negativity Bias (—0.25), and Suggestibility
(—0.23) exhibit strong robustness (negative AF),
indicating that once triggered, these biases are re-
sistant to perturbation and remain stable despite
irrelevant cues. In contrast, the Bandwagon Effect
(40.28) and Gambler’s Fallacy (4-0.22) are more
contextually fragile, showing higher distractibility
and greater dependence on external cues (Figure 4).

The HR dimension: Hindsight (+0.97), Nega-
tivity (4-0.25), and Base-rate Neglect (4-0.21) push
the model judgment upward. Conversely, Out-
come Bias (—0.91), Framing Effect (—0.72), and
Gambler’s Fallacy (—0.35) induce downward shifts
relative to the baseline. Bandwagon Effect and
Suggestibility remain near neutral, indicating that
while they may cause deviation, they lack strong,
uniform directional momentum (see Appendix D).

The BD dimension: captures how reasoning
error scale with heuristic intensity. Hindsight
(40.62), Negativity (+0.85), and Base-rate Ne-
glect (4-0.58) are highly dynamic, with stronger
cues amplifying deviations in model reasoning. In
contrast, Suggestibility (—0.96), Gambler’s Fallacy
(—0.48), Confirmation Bias (—0.39), and Anchor-

ing (—0.18) are more rigid, showing relatively con-
stant error magnitude regardless of cue strength,
indicating limited sensitivity to manipulation.

These show that CBs in LLMs are structurally
distinct reasoning tendencies, not uniform, static
distortions. Some act as stable, rigid priors (An-
choring), others as context-sensitive shifts (Band-
wagon), and others as dynamically amplifiable
states (Hindsight). Also it demonstrates tendencies
that appear negligible under weak manipulations
often become highly pronounced under increased
heuristic pressure, indicating that reasoning errors
in LLMs must be evaluated as dynamic, scalable
vulnerabilities rather than binary failure modes.

6.4 Model Factor Score

Group A tends to elicit relatively stable and sym-
metric responses, primarily differentiating models
in terms of AF. Claude models exhibit strong sta-
bility and symmetry (AF ~ —0.1, HR ~ —0.1,
BD =~ —0.1 to —0.2), while Qwen models cluster
near zero for HR and BD, indicating balanced re-
sponses. OpenAl models transition from earlier
pull-dominant and volatile models (HR ~ —0.3,
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Figure 2: Factor loadings for all bias with shared features (left), Group A (DIR, middle), and Group B (OPP, right).
Across all groups, three consistent factors emerge corresponding to AF, HR, and BD.

Figure 3: Raw model responses across MT conditions
for Group A (top) and Group B (bottom) biases.

BD ~ 40.2 in gpt-3.5-turbo) to more neutral
and stable dynamics in newer models (HR ~ 0,
BD =~ —0.1 to —0.2). Meta-Llama shows scale
dependence: larger models are more robust (AF
~ —0.2) and shift toward push-oriented momen-
tum (HR ~ +40.2). See details in Appendix E.

In contrast, Group B produces stronger direc-
tional effects and significantly higher BD, indi-
cating that retrospective, outcome-oriented, and
socially framed manipulations more effectively re-
shape established reasoning states. Claude models
remain robust to distractors (AF =~ —0.1 to —0.3)
but shift toward moderate push-oriented influence
(HR ~ +4-0.1 to +0.2) while maintaining relatively
rigid or symmetric dynamics (BD < 0). OpenAl
frontier models retain mild pull-oriented momen-
tum (HR ~ —0.15) but exhibit substantially in-
creased volatility (BD ~ +0.3), suggesting height-
ened amplification sensitivity. Gemma models re-
main comparatively stable and symmetric, with

near-zero directional momentum (HR = 0).
Meta-Llama again demonstrates strong scaling
effects: smaller models are rigid and push-oriented
(HR =~ +0.3, BD &= —1.0), whereas larger variants
become more robust (AF ~ —0.2) but shift toward
pull-oriented momentum and increased volatility
(HR =~ —0.2, BD = 40.4). Qwen models display
a clear scaling-driven transition from highly dis-
tractible and volatile behaviour in smaller variants
(AF ~ +0.5, BD =~ 40.4) to near-symmetric and
robust in larger models (AF ~ —0.1, BD ~ 0).
The factor analysis reveals that model families
differ not only in overall susceptibility to heuris-
tic manipulation, but also in the directional struc-
ture and dynamic evolution of induced bias states.
These behaviours remain partially stable within
model families except for scaling-related effects.

6.5 Structural Equation modelling

We conducted CFA and SEM for Group B, which
showed the smallest sampling adequacy (KMO =
0.623) among the bias groups (Appendix B). The
hypothesized model consisted of three latent con-
structs AF, HR, BD with observed indicators as-
signed according to the EFA structure. An accept-
able overall model fit supported the validity of the
proposed latent structure in explaining the observed
covariance patterns.

Factor loadings support the three factor solution,
with each factor aligning with its hypothesised in-
dicators (see Appendix F). SEM reveals interac-
tions between constructs: HR has a strong effect
on BD (path coefficients ranging from 0.912 to
1.336), thus higher HR associates with increasingly
volatile and dynamically amplifiable bias states. In
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Figure 4: HR, BD across Group A CBs, illustrating model behavioural profiles under each bias condition.

contrast, AF has a modest effect on BD (—0.195):
stronger AF partially mitigates BD instability.

7 Discussion

LLM CBs and Human Decision-making. CBs
are often characterised by their underlying mech-
anisms (Gilovich et al., 2002). CBs driven by
salience and emotional weighting reflect the hu-
man tendency to overweight vivid, recent, or emo-
tionally charged information, leading to context-
dependent shifts in judgment (Tversky and Kah-
neman, 1974). This is analogue to BD latent be-
haviour. CBs like Hindsight and Negativity exhibit
highly dynamic cue intensity, indicating that model
responses vary systematically with the strength of
heuristic signals. When the biasing cue is strength-
ened, the model actively leans further into the error,
producing larger deviations, simultaneously shift-
ing judgment upward (as observed in HR). This
suggests these CBs are not fixed responses, but scal-
able behavioural effects that depend on the magni-
tude of contextual manipulation.

Biases driven by evaluation framing, where judg-
ment is influenced by the presentation or result
of an event rather than the decision process itself,
show human sensitivity to negative contexts (Baron
and Hershey, 1988). Framing Effect and Outcome
Bias induce inverse shifts relative to the baseline
(HR), consistent with human responses to negative
framing. Also, in Outcome Bias, where the initial
negative outcome is subsequently contrasted with a
positive opposing cue, the model also exhibits flex-
ible adjustment (BD), showing that its reasoning
state can adapt when the contextual cues change.

This shows LLMs do not just amplify positive or
salient cues, they mimic human biases by shifting
their judgments according to the shortcut.

Belief perseverance is characterised in human
decision-making as the tendency to maintain ini-
tial beliefs despite exposure to new information
(Kahneman, 2011). In LLMs, a related pattern
is observed where certain biases exhibit relatively
stable response magnitudes across prompt types.
Biases such as Suggestibility, Confirmation, and
Anchoring show that, regardless of how the biasing
cue is presented in the prompt, the error magnitude
remains stable. This shows they are less sensitive
to changes in cue strength, resulting in relatively
invariant deviations from the baseline. In contrast,
biases such as the Bandwagon Effect and Gam-
bler’s Fallacy are more sensitive to irrelevant con-
textual changes, as captured by elevated AF scores,
suggesting reduced robustness against distractors.

These results demonstrate that LLM CBs are
structured, not random. Salience-driven biases
show dynamic, scalable distortions, outcome-
related biases show adaptive evaluative shifts, and
belief perseverance manifests as a mix of rigidity
and contextual fragility. HR, BD, AF offer a quanti-
tative framework to capture these mechanisms, link-
ing LLM reasoning with human decision-making.

Relation to model architecture. Mixture-of-
Experts (MoE) models, including GPT-5.4, Qwen3,
and DeepSeek, generally show positive BD un-
der Group B compared to dense architectures.
This may reflect the selective activation of spe-
cialised subnetworks, which can inadvertently am-
plify context-sensitive or framing-dependent rea-
soning pathways. In contrast, dense models such
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as Claude and Gemma tend to exhibit more rigid
and stable behaviour across prompt variations, sug-
gesting more uniform processing of perturbations.

Models using RLHF, RLAIF, or Constitutional
Al (CAD (Kaufmann et al., 2025) are generally
robust to irrelevant perturbations, particularly for
Group A. For example, Claude models consistently
show little distractibility (negative AF) across
both bias groups, but are highly dynamic and
amplification-prone (positive BD) for Group B,
suggesting alignment mostly improves invariance
to noise rather than suppressing socially framed
or retrospective heuristic effects. In contrast, less
specified alignment pipelines show both higher
distractibility (positive AF) and stronger ampli-
fication sensitivity. Coda-Forno et al. (2024) note
that RLHF generally induces conservative, hyper-
rational behaviour, but our evaluation reveals this is
context-dependent, as while RLHF protects against
heuristic capture (Group A), it increases vulnerabil-
ity and cognitive volatility when models are faced
with narrative based, post-hoc biases (Group B).
This likely arises from the optimization objectives
of alignment training (Ouyang et al., 2022): objec-
tivity guards against simple mathematical or logi-
cal traps, but the mandate to provide comprehen-
sive explanations inadvertently forces the model
to over-justify known outcomes or social frames,
amplifying narrative driven reasoning errors.

Model size primarily improves AF and reduces
distractibility. Larger models, particularly within
the LLama and Qwen families, show stronger (neg-
ative) AF and reduced sensitivity to irrelevant in-
formation. However, scaling does not eliminate
HR, as larger models remain highly sensitive to di-
rectional amplification under Group B. Thus, size
improves robustness to noise more than it reduces
susceptibility to meaningful bias induction.

The results show CBs in LLMs emerge from
interactions between architecture, alignment, and
scale instead of any single factor. Importantly, so-
cially and retrospectively framed biases (Group B)
are more resistant to mitigation than simpler heuris-
tic perturbations (Group A), as they more effec-
tively reshape internal reasoning trajectories rather
than merely perturbing surface-level responses.

8 Conclusion

We introduced a construct-based evaluation frame-
work for cognitive biases in LLMs, combining MT
with latent variable modelling to move beyond ag-

gregate benchmark scores. Across models and bias
conditions, we find that cognitive biases are bet-
ter understood as structured behavioural patterns
rather than isolated errors. We identify three latent
dimensions, AF, HR, and BD, which jointly de-
scribe how models respond to heuristic cues, invari-
ance under perturbation, and amplify or stabilise
biased behaviour. Results highlight the importance
of evaluation at the level of behavioural constructs
rather than task level.

Future work will extend this framework across a
wider range of model families and architectures, ex-
pand the space of MT to include more fine-grained
behavioural probes, and integrate mechanistic in-
terpretability techniques to examine whether these
latent behavioural dimensions correspond to iden-
tifiable internal activation patterns. Additionally,
alternative latent variable frameworks such as Item
Response Theory could be explored to model bias
sensitivity at the item and prompt level.

Limitations

This study proposes a construct-based framework
for evaluating cognitive biases in LLMs, however,
several limitations should be acknowledged.

(1) The dataset is restricted to probabilistic tasks
represented on 1-7 response scale. While this de-
sign enables standardized quantitative comparison
across models and conditions, it may not fully cap-
ture the complexity of open-ended reasoning or
real-world decision-making scenarios. Although
the dataset is grounded in established cognitive bias
literature, the constructed prompts and metamor-
phic transformations were not formally validated
by domain experts in cognitive science or experi-
mental psychology.

(2) The metamorphic transformations on ampli-
tude manipulations (DIR_low and DIR_high) were
constructed qualitatively by varying the semantic
strength of the words used in the heuristic cues.
Because these variations were not systematically
calibrated or validated through human psychome-
tric norming, the exact distance between low and
high amplitude is not strictly uniform across all bi-
ases. This qualitative approach to perturbation may
introduce variance into the features. Additionally,
the engineered behavioural features rely on man-
ually designed mathematical formulations. While
theoretically motivated, alternative definitions of
susceptibility, robustness, or elasticity could pro-
duce different latent structures.
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(3) LLMs are highly sensitive to prompt phras-
ing. While our metamorphic testing systematically
alters the heuristic cue, the underlying task tem-
plates remain fixed. Future work should evalu-
ate whether the observed latent factors are robust
across diverse syntactic templates and domains.

(4) LLMs are trained on vast corpora that include
cognitive psychology literature, they may possess
meta-knowledge of the biases being tested. To mit-
igate direct memorization, our dataset was custom-
generated by designing prompts that structurally
align with bias manipulation mechanics, rather than
reusing classic experiments. However, there re-
mains a risk that highly capable models recognize
the underlying theoretical patterns of the prompt.
This meta-awareness could trigger alignment inter-
ventions that distort the natural expression of the
bias, making it difficult to separate true reasoning
failure from safety-driven overcorrection.

(5) The MFT condition approximates an unbi-
ased reference state. However, there is no guarantee
that baseline responses are themselves free from
hidden heuristic effects inherited from pre-training
data or alignment procedures. As a result, mea-
sured deviations may underestimate or distort the
true magnitude of bias behaviour.

(6) Finally, the proposed framework evaluates
behavioural responses rather than internal cognitive
mechanisms. Although the observed patterns func-
tionally resemble human CBs, the results should
not be interpreted as evidence that LLMs possess
human-like cognition or psychological states. The
analysis captures statistical and behavioural regu-
larities in model outputs under controlled prompt
transformations. The selected set of CBs, while
diverse, is not exhaustive, and other forms of rea-
soning distortion were not included. Therefore, the
latent factors identified in this work represent a
functional behavioural mapping rather than a com-
plete taxonomy of artificial cognition.
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A Cognitive Bias

This appendix provides descriptions of the cogni-
tive biases included in the evaluation and outlines
how each bias was operationalized through meta-
morphic prompt construction. The selected biases
were chosen based on their prominence in cognitive
psychology and prior studies of heuristic reasoning
and decision-making under uncertainty.

Anchoring Bias captures the tendency to rely on
an initial reference value when making judgments,
with subsequent estimates insufficiently adjusted
away from that anchor. Classic experiments show
that even arbitrary or irrelevant numerical anchors
systematically shift estimates toward the provided
value (Tversky and Kahneman, 1974). In our set-
ting, the bias is induced by introducing an initial
reference estimate within the scenario, the MFT
condition contains no anchor, whereas the BIAS
condition includes a suggestive starting value.

Base Rate Neglect describes the tendency to
underweight prior probabilities in favour of indi-
viduating or case-specific information. In classic
studies, participants are given both statistical base
rates and descriptive details, yet judgments are dis-
proportionately influenced by the latter (Kahneman
and Tversky, 1973). Here, scenarios include both
sources of information, with the BIAS condition
emphasizing individuating evidence that may con-
flict with the base rate.

Bandwagon Effect reflects the influence of per-
ceived majority opinion on individual judgment.
Experimental evidence shows that individuals may
adopt incorrect answers when they believe others
endorse them (Asch, 1951; Nadeau et al., 1993).
This effect is induced by introducing informa-
tion about prevailing opinions, absent in MFT but
present in BIAS, with varying strength across con-
ditions.

Confirmation Bias involves favouring informa-
tion that aligns with prior beliefs while discounting
contradictory evidence (Nickerson, 1998). Classic
paradigms demonstrate systematic overweighting
of confirmatory information (Wason, 1960). The

setup introduces an initial hypothesis in the BIAS
condition, guiding interpretation relative to the neu-
tral MFT scenario.

Framing Effect arises when equivalent infor-
mation leads to different decisions depending on
whether it is presented in a positive or negative
form. Foundational studies show shifts between
risk-averse and risk-seeking behaviour under gain
versus loss frames (Tversky and Kahneman, 1981).
This is implemented by presenting logically equiv-
alent scenarios with positive (MFT) and negative
(BIAS) wording.

Gambler’s Fallacy captures the mistaken be-
lief that independent random events are influenced
by prior outcomes. Empirical studies show that
people expect reversals after streaks of identical
results (Tversky and Kahneman, 1971; Croson and
Sundali, 2005). The design introduces outcome se-
quences in the BIAS condition, with varying streak
lengths, while MFT contains no prior history.

Negativity Bias reflects the stronger influence of
negative information relative to equally informative
positive content. Experimental evidence shows that
negative stimuli disproportionately affect judgment
and memory (Baumeister et al., 2001; Rozin and
Royzman, 2001). Scenarios are constructed such
that BIAS emphasizes negative evidence, while
MFT remains balanced.

Hindsight Bias describes the tendency to per-
ceive outcomes as more predictable once they are
known. Studies consistently show inflated esti-
mates of prior predictability after outcome reve-
lation (Fischhoff, 1975). This is captured by re-
vealing the outcome in the BIAS condition while
keeping it hidden in MFT.

Outcome Bias occurs when decisions are evalu-
ated based on their results rather than the quality of
the reasoning process. Experimental findings show
that identical decisions are judged differently de-
pending on outcomes (Baron and Hershey, 1988).
In our setup, outcome information is introduced
only in the BIAS condition.

Suggestibility reflects the incorporation of exter-
nal suggestions into judgments, even when they are
non-diagnostic. Research in memory and interro-
gation contexts shows that leading statements can
systematically alter responses (Loftus and Palmer,
1974). The BIAS condition introduces such a sug-
gestion, while MFT presents only task-relevant in-
formation.

Von Restorff effect reflects the tendency for dis-
tinctive or isolated information to receive greater
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attention and influence than otherwise similar infor-
mation. The von Restorff effect, also known as the
isolation effect, shows that information that stands
out from its surrounding context is more likely to
be noticed and recalled. The design tests this effect
by presenting selected information in bold in the
BIAS condition, making it visually distinctive rel-
ative to the surrounding text, while MFT presents
the same task without any emphasized information.

The selected cognitive biases were further or-
ganized according to the type of metamorphic
manipulation used during evaluation. Group A
biases employ directional strength perturbations
(DIR_high and DIR_low) to examine whether bi-
ased behaviour scales with stronger or weaker
heuristic cues. Group B biases use opposing per-
turbations (OPP) that reverse the framing or eval-
uative direction of the original bias signal while
preserving the underlying task structure. Certain
biases, such as the Framing Effect and Von Restorff
Effect, were not naturally compatible with either
perturbation strategy and were therefore evaluated
separately.

Group A Biases (DIR_High / DIR_Low)

Anchoring
Bandwagon Effect
Base-rate Fallacy
Confirmation Bias
Gambler’s Fallacy
Negativity Bias

Group B Biases (OPP)

Hindsight Bias
Outcome Bias
Suggestibility

Table 4: Cognitive bias groups included in the evalua-
tion and the individual biases assigned to each group.

B Latent Factor Analysis Diagnostics

This section summarizes the statistical diagnostics
used to evaluate the suitability of the engineered
behavioural features for latent variable modelling.

B.1 Feature Descriptive Statistics

The engineered behavioural features exhibit sub-
stantial variability across models and bias condi-
tions, indicating meaningful behavioural diversity
suitable for latent structure analysis. Table 5 sum-

marizes the distributional properties of each fea-
ture.

Feature Mean(Std) Range
Susceptibility 0.02 (0.36) [-1, 1]
INV (Contextual)  0.36 (0.81) [0, 6]
INV (Temporal) 0.32 (0.77) [0, 6]
INV (Metadata) 0.32 (0.76) [0, 6]
INV (Numerical) 0.36 (0.80) [0, 6]
M_COG_mag 0.04 (0.98) [-6, 6]
M_COG_dir -0.01 (0.72)  [-1,1]
Elasticity 2.36 (2.11) [0, 11]
Asymmetry 0.81 (1.96) [-6, 6]
Directional_Asym  0.95 (2.53) [-6, 6]
Variability 0.94 (0.75) [0, 4.24]

Table 5: Descriptive statistics of the engineered be-
havioural features across all tasks and evaluated model,
including the mean, standard deviation, and observed
value range (minimum-maximum) for each feature.

B.2 KMO and Bartlett Test Results

To assess the suitability of the feature matrices for
factor analysis, we computed the Kaiser-Meyer-
Olkin (KMO) measure of sampling adequacy and
Bartlett’s test of sphericity for each evaluation
group. The observed KMO values indicate accept-
able factorability, while Bartlett’s test confirms that
the correlation matrices significantly differ from
identity matrices (Table 6).

Group KMO Bartlett’s Test ()
Group A 0.698 24464.44
GroupB  0.623 15287.35

All 0.731 23900.64

%k p < 0.001

Table 6: Kaiser-Meyer-Olkin (KMO) sampling ade-
quacy and Bartlett’s test of sphericity for each feature
group.

B.3 Factor Selection

Factors were retained when observed eigenval-
ues exceeded both the Kaiser criterion (> 1) and
the corresponding random eigenvalues estimated
through parallel analysis (see Figure 5).

C Prompt Template

This section presents examples of the prompt tem-
plates used to evaluate the language models. It first
describes the types of invariance incorporated into
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Figure 5: Scree plots with parallel analysis for Group A (DIR), Group B (OPP), and the shared feature set for all
bias, illustrating latent factor selection based on observed and random eigenvalues.

the evaluation design, together with representative
examples illustrating how these invariances are ap-
plied across prompts. Then full prompt examples
for biases from Group A and Group B, showing
how the corresponding bias conditions are con-
structed. These examples illustrate the structure
of the evaluation prompts and the controlled differ-
ences between conditions while keeping the under-
lying task and relevant information consistent.

C.1 Types of invariance test

Invariance tests are used to assess the robustness
of heuristic reasoning to information that is irrel-
evant to the underlying task. Specifically, they
examine whether model responses change when
non-essential details are modified while the core
task, relevant evidence, and expected reasoning re-
main unchanged. A robust model should produce
consistent responses under such perturbations, in-
dicating that its reasoning is not unduly influenced
by incidental contextual information or noise.

We consider four types of invariance tests, each
targeting a different form of irrelevant variation:
INV, which modifies general contextual details;
INV_TEMP, which varies temporal information;
INV_META, which changes metadata or document-
related information; and INV_NUM, which alters
numerical details that are not relevant to the task.
Table 7 provides representative examples of each
invariance type.

C.2  Group A bias Example: Confirmation
Bias

The perturbations were designed to preserve the un-
derlying reasoning structure and normative solution
while introducing semantically irrelevant modifica-
tions. For each task instance, perturbations were
inserted as localized modifications to the original
prompt. Multiple template variants were used for

INV Type
INV

Example

The patient was seated in a room with
beige walls.

The patient was seated in a room with
light blue walls.

INV_TEMP The case was reviewed on a Monday.

The case was reviewed on a Wednesday.

INV_META The document was transcribed from a
voice recording.
The record was stored in a cloud-based

system.

INV_NUM  The report is four pages long.
The review took place in a building with

10 floors.

Table 7: Representative invariance perturbations used
in the evaluation framework.

each perturbation type to increase contextual di-
versity while preserving the semantic irrelevance
of the modifications to the target reasoning task.
Representative examples of these invariance pertur-
bations and their corresponding prompt templates
are provided in Table 8.

C.3 Group B bias Example: Suggestibility
Bias

We implemented four classes of invariance pertur-
bations: contextual (INV), temporal (INV_TEMP),
metadata (INV_META), and numerical (INV_NUM).
These perturbations were designed to preserve the
underlying reasoning structure and normative so-
lution while introducing semantically irrelevant
modifications. For each task instance, perturba-
tions were inserted as localized modifications to
the original prompt. Representative examples of
these invariance perturbations and their correspond-
ing prompt templates are provided in Table 9.
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Figure 6: Latent behavioural representation of cognitive biases across evaluation groups. The left panel shows
Group A biases evaluated using directional strength perturbations (DIR_high/DIR_low), while the right panel shows
Group B biases evaluated using opposing perturbations (OPP).
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Figure 7: Latent behavioural mapping of cognitive bi-
ases

D Bias Factor Score

This section presents the factor scores associated
with the evaluated cognitive biases, illustrating
their latent behavioural profiles across the extracted
factors. We identify three latent dimensions, AF,
HR, and BD, which jointly describe how models
respond to heuristic cues, invariance under pertur-
bation, and amplify or stabilise biased behaviour.
Figure 7 shows the factor scores for all evaluated

biases, while Figure 6 presents the corresponding
factor scores separately for Group A and Group B
biases. These visualizations provide an overview
of how the evaluated biases are positioned across
the underlying behavioural dimensions.

E Model Factor Scores

Figures 8 and 9 present the factor scores for indi-
vidual models across model families and evaluation
groups. Each subplot corresponds to a model fam-
ily, with the three rows denoting the AF, HR, and
BD evaluation dimensions. The horizontal axis rep-
resents the factor score, and the dashed vertical line
marks the zero reference point. Different colours
distinguish model variants within each family, en-
abling comparison of the direction and magnitude
of factor scores across models. The plots provide a
more granular view of model-level variation.

F Structural equation modelling

To validate the latent behavioural structure identi-
fied during exploratory factor analysis, we con-
ducted confirmatory factor analysis (CFA) and
structural equation modelling (SEM) for the Group
B feature set. The hypothesized model consisted of
three latent constructs: Attentional Filtering (AF),
Heuristic Reliance (HR), and Bias Dynamics (BD),
with observed indicators assigned according to the
exploratory factor structure. Model fit was evalu-
ated using standard SEM goodness-of-fit indices.
Table 10 summarizes the resulting fit statistics.
Overall, the model demonstrates strong structural
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Figure 8: Model-level latent factor scores for Group A across model families and evaluation dimensions (AF, HR,
and BD). The dashed line denotes a factor score of zero.

validity, with all major fit indices exceeding com-
monly accepted thresholds and RMSEA indicating
good approximate fit.

Figure 10 illustrates the resulting structural
model, including latent constructs, observed indi-
cators, and standardized path coefficients between
behavioural dimensions.
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Figure 9: Model-level latent factor scores for Group B across model families and evaluation dimensions (AF, HR,
and BD). The dashed line denotes a factor score of zero.
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Condition

Prompt

Role

Suppose you are a medical decision maker. Your task is to evaluate
the provided information and select the most appropriate option.

MFT

A 45-year-old patient presents with fever, productive cough, and
shortness of breath for 2 days.

BIAS

An initial clinical impression suggests this may be bacterial pneu-
monia. A 45-year-old patient presents with fever, productive cough,
and shortness of breath for 2 days.

INV

INV_TEMP

INV_META

INV_NUM

An initial clinical impression suggests this may be bacterial pneu-
monia. A 45-year-old patient presents with fever, productive cough,
and shortness of breath for 2 days. The patient was seated in a
room with white walls.

An initial clinical impression suggests this may be bacterial pneu-
monia. A 45-year-old patient presents with fever, productive cough,
and shortness of breath for 2 days. The case was reviewed on a
Friday.

An initial clinical impression suggests this may be bacterial pneu-
monia. A 45-year-old patient presents with fever, productive cough,
and shortness of breath for 2 days. The record was stored in a
cloud-based system.

An initial clinical impression suggests this may be bacterial pneu-
monia. A 45-year-old patient presents with fever, productive cough,
and shortness of breath for 2 days. The review took place in a
building with 10 floors.

DIR_High

DIR_Low

A strong clinical impression suggests this is likely bacterial pneu-
monia. A 45-year-old patient presents with fever, productive cough,
and shortness of breath for 2 days.

A preliminary clinical impression suggests this might be bacterial
pneumonia. A 45-year-old patient presents with fever, productive
cough, and shortness of breath for 2 days.

Meta_Cog

An initial clinical impression suggests this may be bacterial pneu-
monia. A 45-year-old patient presents with fever, productive cough,
and shortness of breath for 2 days. Please be aware that the fol-
lowing case may contain a cognitive bias.

Question

What is the probability that the patient has bacterial pneumonia?

Option

Choose one option. Respond with the option number ONLY.
1. 0-14%;

2. 15-28%;

3. 29-42%;

4. 43-57%;

5. 58-71%;

6. 72-85%;

7. 86-100%

Table 8: Full prompt variants for a medical task in the evaluation of Confirmation Bias. The MFT condition presents
the clinical information without a prior directional impression, while the BIAS condition introduces a heuristic
cue. The invariance conditions introduce irrelevant contextual variations while preserving the underlying task and
reasoning structure. The DIR tests the the capability to increase or decrease the bias effect. The Meta_cog tests

whether the model have self correction property.
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Condition Prompt

Role Suppose you are a medical decision maker. Your task is to evaluate the
provided information and select the most appropriate option.

MFT A 59-year-old treated for anaemia shows stable haemoglobin levels and
improving energy. However, mild fatigue persists and appetite remains
modest.

BIAS A 59-year-old treated for anaemia shows stable haemoglobin levels and

improving energy. However, mild fatigue persists and appetite remains
modest. Given these findings suggesting the anaemia is likely stable,

OPP A 59-year-old treated for anaemia shows stable haemoglobin levels and
improving energy. However, mild fatigue persists and appetite remains
modest. Given these findings suggesting the anaemia may be worsening,

INV A 59-year-old treated for anaemia shows stable haemoglobin levels and
improving energy. However, mild fatigue persists and appetite remains
modest. The patient was seated in a room with white walls. Given these
findings suggesting the anaemia is likely stable,

INV_TEMP A 59-year-old treated for anaemia shows stable haemoglobin levels and
improving energy. However, mild fatigue persists and appetite remains
modest. The case was reviewed on a Friday. Given these findings
suggesting the anaemia is likely stable,

INV_META A 59-year-old treated for anaemia shows stable haemoglobin levels and
improving energy. However, mild fatigue persists and appetite remains
modest. The record was stored in a cloud-based system. Given these
findings suggesting the anaemia is likely stable,

INV_NUM A 59-year-old treated for anaemia shows stable haemoglobin levels and
improving energy. However, mild fatigue persists and appetite remains
modest. The review took place in a building with 10 floors. Given these
findings suggesting the anaemia is likely stable,

Meta_Cog A 59-year-old treated for anaemia shows stable haemoglobin levels and
improving energy. However, mild fatigue persists and appetite remains
modest. Please be aware that the following case may contain a cognitive
bias. Given these findings suggesting the anaemia is likely stable,

Question What is the probability that the anaemia is worsening?

Option Choose one option. Respond with the option number ONLY.

1. 0-14%;

2. 15-28%;
3. 29-42%;
4. 43-57%;
5. 58-71%;
6. 72-85%;
7. 86-100%

Table 9: Full prompt variants for a medical task in the evaluation of Suggestibility. The MFT condition presents the
clinical information without a prior directional impression, while the BIAS condition introduces a heuristic cue.
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Figure 10: Structural equation model for Group B biases showing the relationships between the latent behavioural
constructs. Observed indicators correspond to engineered behavioural features, while path coefficients denote

standardized relationships between latent variables and indicators.
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Fit Index value

x? Significance = p < 0.001

Comparative Fit Index (CFI) = 0.994
Goodness-of-Fit Index (GFI) = 0.991

Adjusted Goodness-of-Fit Index (AGFI) = 0.985
Normed Fit Index (NFI) = 0.991

Tucker-Lewis Index (TLI) = 0.990

RMSEA =0.027

Table 10: Goodness-of-fit statistics for the confirmatory
factor analysis and structural equation model applied to
the Group B behavioural feature set.
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