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Abstract

Large language models (LLMs) can exhibit systematic judgment patterns akin to human cognitive
biases. We evaluate two instruction-following chat models on nine paradigms—anchoring, framing,
defaults, decoys, bandwagon, premise-order effects, conjunction fallacy, endowment effect, and sunk
cost—using 221 content-diverse item pairs and 111 completions per condition (~ 49,000 responses
per model). Bias contrasts are estimated with appropriate statistical tests (Welch ¢, Wald z, Wilson
intervals) to produce “bias fingerprints.” Results show a double dissociation: one model mirrors
heuristic biases (e.g., framing, anchoring) while the other resists them but is more susceptible to
structural manipulations (defaults, decoys) and premise order. We release all materials to support
replication and mechanistic follow-ups, advocating multi-paradigm batteries for characterizing and
debiasing LLM decision behavior.

1. Introduction

LLMs increasingly act as decision aides, tutors, and agents. Understanding whether their judgments
exhibit the same systematic deviations from normative theory as humans is therefore both scientifi-
cally and practically important. Classic work in psychology documents robust biases—including
framing, anchoring, defaults, decoys, social influence, conjunction errors, and order effects in reason-
ing—that arise from heuristics and problem representations rather than noise [2, 3, 7, 16-19, 37-39].

Modern instruction-tuned LLMs combine large-scale pretraining with alignment via human
feedback [6, 26, 27]. These training dynamics may suppress some biases (e.g., by rewarding consis-
tency across paraphrases) while amplifying others (e.g., via within-dialogue preference construction).
Systematic, multi-paradigm measurement is needed to move beyond single-task anecdotes toward a
general behavioral account of LLM decision tendencies.

Contributions. (1) A scalable bias battery spanning nine paradigms, with 221 template-instantiated
items and 111 independent completions per condition. (2) Task-appropriate estimation and uncer-
tainty reporting (Welch/Wald/Wilson), enabling across-task comparison. (3) A double dissociation in
bias profiles across two chat models, suggesting distinct error signatures rather than a single “more
rational vs. less rational” hierarchy. (4) Public release of prompts, parsed outputs, and analysis
code to enable replication and mechanistic follow-ups (e.g., attribution and influence analyses)
[21, 23, 29, 34].

2. Related Work

Human cognitive biases. Foundational studies established robust deviations from expected-utility
and classical logic: heuristics and biases (representativeness, availability, anchoring), prospect
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theory and framing, default and decoy effects in choice, social conformity, conjunction fallacy, and
belief/ordering effects in syllogistic reasoning [2, 3, 7, 16—19, 37-39].

LLM behavior and pragmatics. Scaling unlocked broad few-shot competence but also sensitivity
to prompt wording and context [6]. Alignment via RLHF improves helpfulness and consistency, yet
interacts with prompt structure and option sets in ways that resemble preference construction [26, 27].
Human-model comparisons in pragmatic language and evaluation design show that small changes in
task demands can mask underlying abilities, and that LLMs’ pragmatic behavior sometimes tracks
human patterns at fine granularity [14, 15, 32]. Fine-tuning strategy and interaction structure also
shape pragmatic competence and debate performance [20, 30, 31].

Mechanistic and representation-level accounts. Recent progress analyzes model behavior through
the lenses of connectivity in parameter space, in-context dynamics, and concept decomposition.
Mode connectivity and related geometry provide hypotheses about when fine-tuning changes mecha-
nisms [22]. Cognitive-style probes of in-context learning reveal phase changes and latent algorithm
selection [4, 5]. For internal representations, sparse autoencoders (SAEs) and concept-geometry
analyses clarify what features such tools can (and cannot) recover [12, 13, 25], including large-scale
SAE training and stability considerations [1, 36].

Diagnostics, benchmarks, and data effects. Controlled diagnostics show that high scores can arise
from heuristics, motivating counterfactual and structure-aware stimuli [24, 35, 40]. Broader capability
suites (e.g., BIG-bench) survey emergent behaviors across many tasks and scales [33]. Structured
and certified reasoning tools bridge formal guarantees with behavioral evaluation [8, 28, 41].

Interpretability and debiasing. Attribution and data-influence methods connect behavior to inter-
nal computations and training data—e.g., Integrated Gradients, SHAP, influence functions, Tracln
[21, 23, 29, 34]. These techniques complement behavioral batteries by identifying which inputs
and representations drive biased responses, and they provide targets for prompt- and system-level
debiasing.

Probabilistic pragmatics and cognitive theory. Probabilistic semantics and the Rational Speech
Act (RSA) framework offer computational accounts of pragmatic inference that inform contrastive
stimulus design and evaluation [9—11]. These theories motivate the controlled manipulations used in
our battery.

3. Methods
3.1. Bias battery

We tested nine canonical cognitive-bias paradigms spanning numeric judgement, risky choice,
social influence, and reasoning (Table 1). Each paradigm used paired prompts differing only in the
manipulation expected to elicit or attenuate the bias (e.g., high vs. neutral anchor; opt-in vs. opt-out
default). Per paradigm we generated 221 item pairs from abstract templates with fresh surface content
(numbers, scenarios, syllogisms) under a fixed seed.

Trial structure. Each prompt in a pair was presented in a separate completion and queried 111
times. Totals: 221 x 2 x 111 = 49,062 responses per paradigm and model; paradigms with a single
prompt per item (CONJUNCTION) yield 221 x 111 = 24,531 trials.
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Table 1: Paradigms and scoring metrics. A is defined in the canonical direction of the bias.

Paradigm Condition contrast Metric

Anchoring anchored vs. neutral A = Tynen — Tey (Kg)
Framing gain vs. loss A = P(Again) — P(Aioss)
Default opt-in vs. opt-out A = P(yesgpin) — P(vesopon)
Decoy menu with vs. without decoy A = P(Bgecoy) — P(Beu)
Bandwagon  majority vs. neutral consensus A = P(agree,,;) — P(agree,,)
Order normal vs. premise-reversed syllogism A = P(correctyom) — P(correctyey)
Conjunction Avs. AANB A=P(A)-05
Endowment sell (own) vs. buy (no own) A = mediang — mediany,y ($)
Sunk Cost ~ paid vs. free ticket A = P(g0p44) — P(80free)

3.2. Models and sampling
We probed GPT-3.5-turbo-0613 and GPT-40-mini-2025-05-15 with temperature 0.4, nucleus
p = 0.95, and a 32-token cap—balancing determinism and brief justifications.
3.3. Response parsing
Automatic post-processing:
* Numeric tasks (ANCHORING, ENDOWMENT): first floating-point number.
* Multiple choice (A/B/C): first letter token.

* Yes/no judgements: polarity from inflected forms of yes, no, stay, leave, go, etc.

Ambiguous outputs were marked NAN and excluded; < 1.5 % of trials.

3.4. Statistical analysis

Numeric contrasts: Welch ¢, Cohen d, normal-approximation 95 % CI for A. Proportions: Wald z,
Cohen h, corresponding 95 % CI. Conjunction: two-sided binomial test vs. 0.5 with Wilson interval.
All p values two-tailed. Effect sizes (A) populate the heat-map bias fingerprints (Fig. ??).

3.5. Reproducibility

End-to-end deterministic given seed 42. We release prompts, raw completions, parsed tables, analysis
notebooks, model version IDs, and package manifests for replication.

4. Results

We tested nine paradigms on GPT-3.5-turbo (3.5T) and GPT-40-mini (40M), each with n = 221
items and r = 111 runs per item (~ 24,500 responses per condition and model).
1. Too few valid numeric responses to compute uncertainty.
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Table 2: Condition contrasts (A); positive indicates canonical bias unless noted. Numeric: kg
(ANCHORING), $ (ENDOWMENT); others: percentage points (PP). CIs: 95 % (Welch for numeric;
Wald for proportions).

GPT-3.5-turbo (3.5T) GPT-40-mini (40M)

Paradigm A 95 % CI P A 95 % CI P
Anchoring (kg) —-195 [-237,—153] < .001 —-30 [—174, 114] .687
Framing (PP) +45 [+38, +52] < .001 0 [0, 0] 1.000
Default (PP) +12 [+7.8,+16.5] < .001 +20 [+11, +29] < .001
Decoy (PP) —25 [—30,—19] <.001 467 [+61, +73] < .001
Bandwagon (PP) +11 [+5, +17] < .001 0 [0, 0] 1.000
Order (PP) +-86 [+82, +91] < .001 4100 [+100, 4+100] —
Conjunction (P(A)—.5)  —50 [—50,—48] < .001 437 [+32, +40] < .001
Endowment ($) —6.5 [-6.8,—6.2] < .001 —4 n/a! n/a
Sunk-cost (PP) +30 [+19, +41] <.001 415 [—0.6, +31] .059

Bias sensitivity. 3.5T shows strong Anchoring, Framing, Bandwagon, and Sunk-cost effects; 40M
is null on these but exhibits larger Default and Decoy effects and matches or exceeds 3.5T on
Premise-Order drops. In Conjunction, 3.5T overselects A A B, while 40M is normative on most
trials. Endowment effects are reversed in 3.5T; 40M outputs too few numerics.

Bias fingerprints. 3.5T reproduces seven of nine canonical biases. 40M resists most heuristic
biases but is highly sensitive to structural manipulations—underscoring the diagnostic value of
multi-paradigm testing.

S. Discussion & Deductive Analysis

3.5T shows heuristic biases (Framing, Anchoring, Sunk Cost, Bandwagon); 40M resists these but is
more prone to structural effects (Default, Decoy, Premise Order). This double dissociation reflects
distinct error profiles, not a simple hierarchy.

Likely causes include training: 3.5T’s web-text pretraining reinforces surface cues, whereas
40M’s RLHF dampens frame-sensitivity but amplifies in-dialogue preference shifts. Large Premise-
Order drops suggest positional heuristics; Conjunction differences imply divergent probability
heuristics; Endowment values are poorly calibrated. Single-paradigm tests risk mischaracterization;
multi-paradigm batteries better expose decision patterns for targeted debiasing and interpretability.

CIs widen with non-numeric outputs; only two checkpoints tested; prompts were single-turn.
Future work should enforce type-checking, expand coverage, and explore multi-turn deliberation.

6. Conclusion

Our nine-paradigm battery shows models may resist some biases yet remain vulnerable to others,
challenging one-dimensional “rationality” metrics. Public release of prompts, parsers, and code
supports replication, ablations, and mechanistic studies linking biases to training and architecture.
Pairing such batteries with interpretability and debiasing will clarify which biases are intrinsic and
which can be mitigated.
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Figure 1: Anchoring response distribution for GPT-3.5-turbo. The histogram shows the distribution

of numeric estimates across all items and conditions.
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Figure 2: Anchoring response distribution for GPT-40-mini. The histogram shows the distribution of

numeric estimates across all items and conditions.
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