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Abstract
We present a persona-aware evaluation suite that couples a 12-category cognitive-bias benchmark with 100 applied
financial framing tasks to assess how large language models (LLMs) respond under systematically varied persona
conditions. Using a factorized set of 162 personas spanning gender, age, political orientation, income, and education,
we analyze how persona conditioning modulates bias-consistent responding across ten instruction-tuned models. On
applied tasks, persona conditioning reduces framing reversals on average and slightly increases decision confidence,
with substantial variation across model families and scales. Correlation analyses further reveal that benchmark
bias tendencies—particularly availability, social proof, and framing—predict applied framing sensitivity, suggesting
that standardized bias scores can serve as indicators of real-world decision variability. This work provides a unified
framework for linking cognitive-bias evaluation with persona-conditioned decision behavior in LLMs. (All data and

prompts will be released after acceptance to preserve anonymity.)
Keywords: LLM evaluation, cognitive bias, persona, framing, decision-making

1. Introduction

Large language models (LLMs) are increasingly
deployed in settings where their outputs influence
human decisions. While extensive benchmarks ex-
ist for knowledge and reasoning (Hendrycks et al.,
2020; Srivastava et al., 2023; Liang et al., 2023),
we still lack a systematic understanding of how
LLMs behave under cognitive biases—systematic
deviations from rational choice that have been doc-
umented in behavioral economics (Kahneman and
Tversky, 1979; Tversky and Kahneman, 1981). Re-
cent work has begun to show that LLMs exhibit
framing-like effects (Lior et al., 2025; Germani and
Spitale, 2025), raising questions about robustness
and validity when such models are used in decision-
support roles.

At the same time, real-world use of LLMs often
involves persona prompting: explicitly specifying
roles, backgrounds, or demographic traits to steer
style and content. Persona conditioning can in-
crease controllability or diversity (Li et al., 2016;
Zhang et al., 2018), but it may also interact with
biases in nontrivial ways. Prior studies have shown
mixed effects depending on task ambiguity and
context (Hu and Collier, 2024; Lutz et al., 2025),
yet there has been little systematic investigation
of how persona prompts modulate cognitive-bias
behaviors.

Another open question is whether benchmarked
bias patterns transfer to applied decision tasks.
Benchmarks provide clean stress tests, but down-
stream use cases—such as financial choices un-
der risk—require stable and interpretable behavior.

Understanding when benchmark scores predict ap-
plied performance is essential for assessing the
external validity of LLM evaluation.

This work addresses these gaps by integrating
three components: (i) a unified bias benchmark
covering 12 categories (120 tasks), (ii) a facto-
rial persona space of 162 combinations, and (iii)
an applied financial framing suite with matched
gain/loss scenarios. Together, these resources al-
low us to test whether persona conditioning shifts
bias-consistent responding, whether such shifts are
significant, and how they relate to applied decision-
making.

We address the following research questions:

» RQ1 (Bias behavior): Do LLMs display con-
sistent, category-specific patterns on a broad
cognitive-bias benchmark?

» RQ2 (Persona effect): How does persona con-
ditioning shift decision distributions (e.g., Yes-
rate) and where are these shifts statistically
significant?

* RQS3 (Applied linkage): To what extent do
benchmarked bias behaviors predict perfor-
mance on applied financial decision-making
(reversal, confidence)?

* RQ4 (Model heterogeneity): How do these
effects vary across model families and sizes?

Our contributions are threefold:

1. Resource + protocol: A unified evaluation re-
source combining a cognitive-bias benchmark,
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a persona design, and a financial decision
suite with precise metrics (Yes-rate, reversal,
confidence) and statistical tests (sign, Spear-
man).

2. Large-scale analysis of LLMs: A systematic
persona vs. no-persona comparison across
bias categories and applied tasks, revealing
where persona conditioning meaningfully al-
ters decisions.

3. Linking benchmark to application: An in-
vestigation of correlations between bias-
benchmark outcomes and applied financial
behavior, highlighting conditions under which
benchmark signals transfer—or fail to trans-
fer—to downstream choices.

2. Related Work

2.1. LLM Benchmarks and Evaluation

General-purpose benchmarks assess knowledge,
reasoning, and robustness (Hendrycks et al., 2020;
Srivastava et al., 2023; Liang et al., 2023; Lin et al.,
2022; Kiela et al., 2021). Beyond factuality, recent
evaluations begin to examine alignment, risk, and
decision behavior (Jia et al., 2024; Ouyang et al.,
2025; Ross et al., 2024).

2.2. Social Bias, Fairness, and
Persona-Conditioned Generation

Social-bias datasets probe fairness (Nadeem et al.,
2021; Nangia et al., 2020; Parrish et al., 2022). Per-
sona prompting has been used to control style or
simulate profiles (Li et al., 2016; Zhang et al., 2018;
Keskar et al., 2019; Dathathri et al., 2019), with
mixed effects on factual performance and ambigu-
ity sensitivity (Zheng et al., 2024; Hu and Collier,
2024; Lutz et al., 2025). Our study differs by pair-
ing a factorial persona design with cognitive-bias
stress tests and an applied framing task.

2.3. Cognitive Bias and Behavioral
Decision-Making in Al

Behavioral economics established core effects
such as prospect theory and framing (Kahneman
and Tversky, 1979; Tversky and Kahneman, 1981).
Recent LLM studies report human-like reframing
sensitivity and source-framing biases (Lior et al.,
2025; Germani and Spitale, 2025). We operational-
ize twelve bias categories (120 tasks) with unified
Yes/No outputs and pair them with a financial fram-
ing suite to derive reversal and confidence.

# Persona Information

You are {persona}.

# Instruction

Always answer in JSON with the schema:
{"answer": "Yes/No", "reason'": "text"}
# Scenario

A news story about a plane crash was
widely reported this week.

Do you think air travel is now more
dangerous than usual?

Answer:

Figure 1: Availability Bias Task Prompt

3. Dataset (Data Construction)

We construct three complementary resources: (i)
a bias-oriented benchmark with unified binary out-
puts, (ii) a factorized persona space, and (iii) an
applied financial decision-making suite. Because
the draft submission disallows appendices, we in-
clude compact overview tables in the main paper
(Tables 1-3); full templates and scripts will be re-
leased upon acceptance.

3.1.

Scope and format. We target 12 cognitive-bias
categories and instantiate 10 items per category
(120 total). Each item is a short vignette followed
by a Yes/No question. By construction, the label
mapping is fixed: Yes is the bias-consistent answer
for every item. When drafting items, we rephrased
prompts as needed so that the bias-consistent po-
larity aligns with YEs, ensuring a uniform target
across categories.

We show an example of availability bias in Figure
1. A model should generate an answer as:

Bias Benchmark

"answer": "Yes", "reason":
"recent vivid events feel

more frequent"}.

Item creation. Starting from category-wise tem-
plates, we used GPT-4o0 ' to generate multiple can-
didate items per category and retained those that
satisfied our normalization constraints below. Each
selected item was manually reviewed and minimally
edited to ensure clarity, bias-consistent labeling,
and conceptual validity. This procedure increases
surface diversity while keeping the decision struc-
ture comparable across items.

"https://platform.openai.com/docs/
models
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Normalization and controls. (i) Unified binary
outputs reduce formatting variance across models;
(i) positive/negative wordings and surface forms
are varied within each category to limit superficial
cues; (iii) where numeric quantities appear (e.g.,
prices or probabilities), magnitudes are balanced
across examples to avoid trivial cues or unrealistic
scales.

Labeling and metric. Lety; € {Yes,No} be the
model output for item i. Because YEs is always
bias-consistent, we report the Yes-rate as
1 o
YesRate = Dl Z[yl = YEes|,
i=1

where [ -] evaluates to 1 if the condition holds and
0 otherwise (macro-averaged across categories
unless stated). Table 1 lists the category inventory.

Persona-aggregated reporting (weighted). For

persona-conditioned evaluation, we compute a per-
Fo_ 1 |D —
persona score I, = 5 >5[y, = YES] and

report the weighted Yes-rate

Zpep w(p) jp
Zpep w(p) ’

using the persona weights w(p) defined in Eq. 2.

YesRate” = (1)

Output schema (JSON). Each bias item requires
a strict JSON object with two fields: "answer" and
"reason". The "answer" must be exactly one
of {YEs, No}. The free-text "reason" is collected
for qualitative analysis and error auditing but is not
used in the primary metric (§3 3.1).

Relation to prior datasets. Our setting differs
from prior resources in three ways: (1) Construct
focus: It targets behavioral-cognitive biases rather
than social stereotypes and fairness as in Stere-
oSet (Nadeem et al., 2021) or BBQ (Parrish et al.,
2022). (2) Unified outputs: It enforces a uni-
fied Yes/No schema for comparability, unlike open-
ended framing tasks such as WildFrame (Lior et al.,
2025). (3) Persona coupling: It integrates per-
sona prompting directly into bias evaluation (Li
et al., 2016), enabling controlled tests of demo-
graphic modulation. Together with the applied finan-
cial suite in Section 3.3 (matched gain/loss fram-
ing), this design supports cross-space analyses of
bias behaviors and their transfer to downstream
decisions.

3.2. Persona Settings

Attributes. We define a balanced factorial space
over five attributes: Gender (2) x Age (3) x Politi-
cals (3) x Income (3) x Education (3), yielding

Category Example cue (short)
Anchoring Influence of reference values
Framing Risky vs. certain framing
Confirmation Seek confirming evidence
Availability Ease of recall drives frequency

Loss aversion
Status quo bias
Sunk cost fallacy

Losses loom larger than gains
Preference for defaults
Past cost drives continuation

Social proof Follow majority behavior
Hindsight “Knew-it-all-along” effect
Representativeness  Typicality over base rates
Overconfidence Confidence exceeds accuracy
Endowment Ownership inflates valuation

Table 1: Bias categories overview (compact).

Attribute  Values (with marginal weights)

Gender male (0.5), female (0.5)

Age 25 (0.3), 40 (0.4), 60 (0.3)

Politics liberal (0.3), moderate (0.3), conserva-
tive (0.4)

Income low (0.3), middle (0.5), high (0.2)

Education  high school (0.5), university (0.4), grad-

uate (0.1)

Table 2: Persona attribute design. Each attribute
has discrete values; numbers in parentheses indi-
cate the marginal weight (summing to 1 within each
attribute).

162 personas. In addition, we attach two random-
ized contextual fields drawn uniformly from fixed
eight-category lists: Country € {USA, Germany,
India, Brazil, Kenya, France, China, Japan} and
Occupation < {student, engineer, teacher, doctor,
artist, farmer, manager, freelancer}. These two
fields are not part of the factorial persona key (they
do not change the count 162) and are sampled
independently per prompt instance to increase eco-
logical validity without injecting task-specific hints.

Artificial population weighting (default for
benchmark aggregation). Because real popula-
tions are not uniformly distributed across attributes,
we define a simple worldwide marginal weighting
scheme (informed by public sources)(OECD Fam-
ily Database, 2025; Pew Research Center, 2025).
The marginals (each summing to 1) are listed in
Table 2 and induce persona weights

w(p) = P(g) P(a) P(pol) P(inc) P(edu), (2)

where P(-) denotes the marginal weight (probabil-
ity) assigned to the chosen attribute value for each
attribute (Gender, Age, Politics, Income, Educa-
tion). We assume independence across attributes
so the joint weight factorizes as in Eq. 2; normal-
ization is handled by the denominator in Eq. 1.
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We use these weights by default when aggre-
gating benchmark scores across personas. Un-
less noted, the randomized country and occupation
fields remain unweighted (uniform).

Prompting. Personatextis prepended to the user
prompt (kept constant otherwise). Unless noted,
we treat all 162 personas uniformly. Namely, dur-
ing generation, all 162 personas are sampled with
equal probability; population weights (Eq. 2) are
applied only during aggregation. The country and
occupation fields are appended as neutral context
(e.g., “Country: Japan; Occupation: engineer”) and
are treated as non-stratified randomization vari-
ables unless otherwise specified.

Intended use. Persona conditioning enables
between-condition comparisons (persona vs. no-
persona) and within-condition analyses across at-
tributes (e.g., age or education). We quantify sig-
nificance with sign test in Section 5. Table 2 lists
the full factorial grid of attributes.

3.3. Applied Financial Tasks

Unlike the benchmark tasks in §3.1, which serve
as diagnostic probes of bias-consistent responding
in short abstract vignettes, the applied suite here
tests decision-level consequences of such biases
in realistic gain/loss contexts.

Design and instantiation. We evaluate 100
matched gain—loss pairs instantiated directly
from a parametric prompt template (schema in Ta-
ble 3). Each pair shares the same numeric pa-
rameters but flips wording between gain and loss
frames; the decision skeleton is fixed (A=CERTAIN,
B=Risky). Amounts and probabilities are sam-
pled from bounded grids and filtered so that the
risky and certain options have comparable ex-
pected values (within a small tolerance), avoiding
trivial dominance. Prompts require a strict JSON
with choicee {A,B}, confidence€ [0,1],and a
short rationale; outputs are schema-validated
(re-queried if invalid). For persona runs, the per-
sona preface is prepended verbatim, while the de-
cision text and parameters remain identical across
persona/no-persona conditions.
A typical short example of Gain frame is:

Now, you have $10,000. The market is ...
Choose one of the following two options:
Option A (Certain): You will gain $2,000.
Option B (Risky): 50% chance to gain
$4,000, 50% chance to gain nothing.
{"choice": "an",
0.7, "rationale":
averse in gains"}

"confidence":
"risk-

Frame Option A (Certain) Option B (Risky)
Gain e.g., sure +$X 50% +8Y, 50% +$0
Loss e.g., sure —$X 50% —$Y, 50% —$0
Table 3: Applied financial task schema (paired
Gain/Loss).
Metrics. For a matched frame pair p, let

g coss ¢ {CERTAIN, Risky}. The pair is a re-

versal if 5% £ cjos5; the reversal rate is

P
1 " B
RevRate = F Z[cgdm 75 c;oss ]

p=1

We also report the confidence mean as the average
of reported confidences (clipped to [0, 1]):

N
—_— 1
Conf = N;confi € [0,1].

All metrics are computed with and without persona
conditioning for all ten models. Table 3 outlines the
applied-task schema.

Reproducibility. We will release full prompt tem-
plates, persona strings, item keys, and analysis
scripts (Yes-rate, reversal, confidence) to facilitate
reproduction of all results.

4. Experimental Setup

Models. We evaluate ten contemporary
instruction-tuned LLMs covering three families
and sizes: Qwen ?(Qwen2.5-7B, Qwen2.5-72B;
Qwen3-8B, Qwen3-32B, Qwen3-30B-A3B),
Llama 3(Llama-3.1-8B, Llama-3.1-70B), and
Mistral #(Mistral-7B, Mixtral-Large, Mixtral-8 x22B).
All models are queried in both no-persona and
persona-conditioned modes (§3).

Evaluation protocol. All models are tested in
both no-persona and persona-conditioned modes
using the unified bias benchmark (§3.1) and applied
framing suite (§3.3). Prompts follow strict JSON
formats, and invalid outputs are automatically re-
queried once. Decoding is deterministic (tempera-
ture = 0) to ensure reproducibility. Persona weights
(Eq. 2) are applied only during aggregation, as de-
tailed in §3.2. All prompts, templates, and analysis
scripts will be released to facilitate replication.

2https://huggingface.co/Qwen
3https://huggingface.co/metafllama
4https://huggingface.co/mistralai
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Model No-persona Persona A (pp)
Qwen2.5-7B 0.175 0.095 -8.03
Qwen2.5-72B 0.200 0.261 6.11
Qwen3-30B-A3B 0.325 0.287 -3.78
Qwen3-235B-A22B 0.267 0.214 -5.26
Meta-Llama-3.1-8B 0.342 0.280 -6.16
Meta-Llama-3.1-70B 0.200 0.277 7.72
Llama-3.3-70B 0.183 0.257 7.37
Mistral-7B 0.342 0.285 -5.70
Mistral-Large 0.283 0.216 -6.75
Mixtral-8x22B 0.126 0.107 -1.87

Table 4: Benchmark Yes-rate (weighted) by model.
A is persona — no-persona in percentage points

(PP)-

5. Results

5.1.

Table 4 reports weighted Yes-rates on the bias
benchmark, where YEs is the bias-consistent label
by construction (Section 3). Averaged over models,
the no-persona condition attains 0.244 while per-
sona attains 0.228 (A = —1.64 percentage points;
weighted aggregation over personas).

The effect of persona prompting is model-
dependent:  three models show increases
in bias-consistent Yes (Meta-Llama-3.1-70B
+7.72pp, Llama-3.3-70B +7.37pp, Qwen2.5-72B
+6.11pp), whereas several models show decreases
(Qwen2.5-7B —8.03pp, Mistral-Large —6.75pp,
Meta-Llama-3.1-8B —6.16pp). The highest overall
Yes-rate without persona is tied between Mistral-7B
and Meta-Llama-3.1-8B (both 0.342), whereas
with persona it is Qwen3-30B-A3B (0.287). These
results indicate that persona conditioning can either
amplify or attenuate bias-consistent responding
depending on the model family and scale.

Benchmark Performance

Significance. Using paired sign tests (p<.05) on
item-level aggregates, we detected category-level
significance only for a few models: Qwen2.5-72B
(increase in 2 categories; framing and confirma-
tion) and Llama-3.3-70B (increase in 1 category;
framing), whereas Qwen3-30B-A3B showed a de-
crease in 1 category (loss aversion). All other mod-
els exhibited no category-level significance under
the per-category n=10 setting. Given the small n,
we treat these as indicative rather than definitive
and focus on descriptive patterns below.

5.2. Persona-level Analysis

In addition to aggregate effect across models, we
analyze how persona conditioning changes bias-
consistent responding in detail.

Attribute level Qwen2.5- Llama-  Mistral-
72B 3.3-70B Large
gen: female 0.256 0.252 0.217
gen: male 0.266 0.262 0.215
age: 25 0.256 0.242 0.219
age: 40 0.260 0.259 0.212
age: 60 0.267 0.270 0.218
pol: conservative 0.356 0.314 0.291
pol: moderate 0.200 0.221 0.189
pol: liberal 0.195 0.218 0.143
inc: high 0.240 0.213 0.185
inc: middle 0.257 0.246 0.215
inc: low 0.282 0.305 0.237
edu:graduate school 0.227 0.207 0.160
edu:university 0.242 0.229 0.196
edu:high school 0.283 0.290 0.243

Table 5: Attribute-level slices (weighted Yes-rate;
0-1) for three cross-family models.

Attribute-level slices (cross-family view). To
illustrate how persona attributes relate to bias-
consistent responses, we report weighted Yes-
rates sliced by key attributes (gender, age, poli-
tics, income, education) for three representative,
cross-family models: Qwen2.5-72B, Llama-3.3-
70B, and Mistral-Large. This choice avoids con-
founding architecture with scale while keeping ta-
ble size manageable. The slices in Table 5 re-
veal model-specific sensitivities across attributes
(e.g., broader spreads along some attributes than
others), but consistent rankings are not universal
across models; we therefore use these slices to
contextualize model-level deltas.

Typical contrasts across attribute levels.
Across the three cross-family models in Table 5,
we observe the following regularities, computed
with persona weights w(p):

+ Politics tends to show the widest separation
among attribute levels; in all three models, con-
servative personas yield higher weighted Yes-
rates than liberal ones. The gap is largest for
Qwen2.5-72B, and slightly smaller for Llama-
3.3-70B, indicating that political orientation
consistently produces strong within-model con-
trasts even when overall Yes-rates differ across
architectures.

» Education and Income exhibit clear and sys-
tematic gradient gradients (e.g., high school >
university > graduate; low > middle > high),
but these patterns are not universal across
models.

+ Gender and Age show only modest varia-
tion across personas. Differences are small
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Persona Reactivity by Model

Qwen2.5-72B
Mistral-Large
Llama-3.3-708
Meta-Llama-3.1-70B
Qwen3-30B-A3B
Qwen3-235B-A22B
Meta-Llama-3.1-8B
Mistral-7B-v0.3
Mixtral-8x22B-v0.1

Qwen2.5-7B

0.0000 0.0025 0.0050 0.0075 0.0100 0.0125 0.0150 0.0175
Mean Persona Variance (Yes-rate across personas)

Figure 2: Persona reactivity by model. Mean
variance of Yes-rates across 162 personas.

and inconsistent across models, with no clear
monotonic trend by age or stable gender gap.
This contrasts with findings from human be-
havioral studies, where gender and age often
modulate risk preferences and framing sensi-
tivity (Byrnes et al., 1999; Best and Charness,
2015).

These patterns likely reflect how bias-mitigation
or safety tuning operates unevenly across demo-
graphic variables: attributes such as gender and
age have often been subject to explicit fairness
constraints, reducing variation, whereas traits like
political orientation or education level are less ex-
plicitly regularized during instruction tuning, leading
to greater dispersion across personas.

Persona reactivity. To quantify how strongly per-
sona conditioning affects model behavior, we com-
pute the variance of Yes-rates across 162 personas
for each model—-task pair. Figure 2 shows the mean
variance per model. Larger models generally ex-
hibit higher persona reactivity, indicating greater
sensitivity to persona cues, whereas mixture-of-
experts (MoE) architectures such as Mixtral or
Qweng3 display milder variation—suggesting that
expert routing partially absorbs persona effects.
This intra-model variability complements the cross-
attribute analyses above, highlighting that LLMs
differ not only in average persona effects but also
in the consistency of their responses under persona
conditioning—an important consideration for simu-
lations involving heterogeneous agent populations.

5.3. Applied Financial Tasks

We evaluate 100 matched gain—loss pairs per
model, reporting two metrics: reversal rate (frac-
tion of pairs where the choice flips between gain
and loss; lower indicates more frame-invariant de-
cisions) and the confidence mean (0—1, averaged
over pairs). Both metrics are computed per persona

and aggregated with weights w(p); the no-persona
baseline is computed directly on the same pairs.

Overall patterns. On average across models,
persona reduces reversal rate from 36.3% to 32.3%
(A = —3.96pp) and slightly increases confidence
from 80.9% to 81.7% (A = +0.86pp). The di-
rection, however, remains model-dependent (Ta-
ble 6): about two-thirds of the models show re-
duced reversal—indicating more frame-invariant
choices—whereas a few, notably the Qwen3 se-
ries, display large increases.

Model highlights. The lowest persona reversalis
observed for Mixtral-8x22B (0.1%), paired with the
highest persona confidence (99.5%). The largest
absolute persona shift in reversal occurs for Qwen3-
30B-A3B (|A| = 51.6pp; increase), while Qwen3-
235B-A22B shows the largest absolute confidence
shift (JA| = 8.0pp).

Interestingly, this contrasts with the Qwen2.5 se-
ries, where persona prompting reduces reversal
(i.e., yields more frame-invariant choices), whereas
the newer Qwen 3 models show increased reversal.
This divergence likely reflects differences in align-
ment objectives and persona integration: Qwen3'’s
stronger contextual conditioning makes it more re-
sponsive to persona framing cues, while Qwen2.5
remains closer to probabilistic consistency. Overall,
persona prompting substantially modulates framing
sensitivity and reported certainty, but the direction
and magnitude vary across model families and tun-
ing stages.

Framing-map interpretation. Figure 3 plots, for
each model, the rate of choosing the safe option in
the gain frame (x-axis) against the rate of choosing
the risky option in the loss frame (y-axis). The
upper-right area corresponds to the classic framing
pattern (risk-averse in gains, risk-seeking in losses)
and therefore indicates high reversal, whereas the
lower-right and upper-left areas represent frame-
invariant policies (consistently risk-averse or risk-
seeking, respectively).

No-persona vs. persona (qualitative shifts).
Comparing the two panels in Figure 3, no-persona
points cluster near the edges (i.e., za0/1 or y~0/1),
showing near-deterministic choices that lead to
high reversal. Under persona conditioning, many
points move inward toward the center, suggesting
attenuated heuristic saturation and more parameter-
dependent behavior.

Shifts toward the lower-right or upper-left indi-
cate greater frame-invariance and align with the
average reversal drop in Table 6, whereas a few
models move toward the upper-right, amplifying
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Model

Reversal rate

Confidence mean

No-persona Persona A (pp)

No-persona Persona A (pp)

Qwen2.5-7B 54.0 14.1 -39.9 75.1 79.7 4.6
Qwen2.5-72B 47.3 19.2 -28.1 81.1 78.6 -2.5
Qwen3-30B-A3B 17.7 69.3 51.6 85.4 85.3 -0.1
Qwen3-235B-A22B 22.0 47.8 25.8 66.6 74.6 8.0
Meta-Llama-3.1-8B 24.3 17.2 -7.2 85.8 85.2 -0.6
Meta-Llama-3.1-70B 73.3 57.8 -15.6 71.4 71.0 -0.4
Llama-3.3-70B 63.0 56.5 -6.5 70.5 66.2 -4.3
Mistral-7B 5.3 0.2 -5.1 98.9 99.1 0.2
Mistral-Large 56.0 41.4 -14.6 73.7 78.1 4.4
Mixtral-8x22B 0.0 0.1 0.1 100.0 99.5 -0.5

Table 6: Applied financial tasks (100 matched gain—loss pairs): reversal rate (%) and confidence mean
(%) by model. A is persona — no-persona in percentage points (pp). Lower reversal indicates more

frame-invariant choices.
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Figure 3: Framing map of gain—loss choices: x-axis = rate choosing A (safe) in gain; y-axis = rate choosing
B (risky) in loss. Top-right = classic framing (high reversal); bottom-right/top-left = policy-stable (low

reversal).

the classic framing effect. For example, Qwen2.5-
72B drifts lower-right (reversal | ), Qwen3-30B-A3B
moves upper-right (reversal T), Mixtral-8x22B an-
chors the lower-right with near-zero reversal, and
Mistral-Large stays near the diagonal with modest
change.

Link to summary metrics. The geometry of Fig-
ure 3 thus directly explains the table-level results:
proximity to the upper-right predicts higher reversal,
whereas lower-right or upper-left positions indicate
more frame-invariant decision policies. Persona
prompting can therefore reshape a model’s qual-
itative decision pattern, not merely its aggregate
rates.

Condition Medianp #Sig Medianp #Sig
(Yes<+>Rev) (Yes<«>Conf)
nopersona -0.214 0 0.261 0
persona 0.364 3 -0.079 1

Table 7: Across-bias Spearman correlations be-
tween benchmark (weighted Yes-rate) and applied
metrics. Values are median over 12 bias cate-
gories; #Sig indicates the number of categories
with statistically significant correlations (p<.05).

5.4. Correlation: Benchmark > Applied

We correlate, across models, the benchmark
weighted Yes-rate (Section 3) with the applied met-
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rics from §5.3—reversal rate (lower is better frame-
invariance) and confidence mean. For each bias
category (12 total), we compute a Spearman p over
the k& models (k=10) and summarize the distribu-
tion of p across categories for each condition (no-
persona vs. persona).

Table 7 shows that under persona, benchmark
Yes-rate is positively associated with applied rever-
sal (median p=0.364, 3/12 categories with p<.05),
while the association with confidence is weakly neg-
ative (median p=-0.079, 1/12 at p<.05). By con-
trast, under no-persona, the median association
flips sign for reversal (median p=-0.214, 0/12) and
is small positive for confidence (median p=0.261,
0/12).

Which categories drive the signal? Under per-
sona, the strongest positive links between bench-
mark Yes-rates and applied reversal are observed
for availability (p=0.903, p=3.4x10~*) and social
proof (p=0.779, p=7.9x1073); importantly for our
setting, the benchmark framing category ranks third
by |p| with p=0.733 (p=1.58x10~2).

These results indicate that certain bias cate-
gories—especially those related to heuristic recall
or social influence—align most strongly with ap-
plied framing sensitivity across models. For con-
fidence, social proof shows a significant negative
association (p=—0.767, p=9.64x10~?), while other
categories exhibit mixed or weak patterns.

Overall, persona prompting appears to align
benchmarked susceptibilities with applied fram-
ing sensitivity: models showing stronger bias-
consistent responding on these categories also
tend to exhibit higher reversal. Given the limited
sample (k=10 models per category), these findings
should be interpreted descriptively rather than as
causal mechanisms.

6. Discussion

Answering the research questions. We answer
the four research questions as follows:

RQ1 (Do personas modulate benchmark bias?)
Yes. Personas modulate bias-consistent respond-
ing, but in a model-dependent manner. Some mod-
els show stronger bias under persona conditioning
while others weaken, suggesting that instruction-
tuning style and scale jointly determine susceptibil-
ity.

RQ2 (Which persona attributes/categories mat-
ter?) Attribute slices Political orientation and in-
come show the clearest separations, whereas gen-
der and age remain stable—likely reflecting explicit
bias-mitigation on common demographic variables.
These attribute slices contextualize the aggregate
shifts observed across models.

RQ3 (Effect on applied financial decisions?) On

average, personas slightly reduce framing rever-
sals and raise confidence, indicating less heuris-
tic saturation and more stable decision behavior,
though some models amplify the classic framing
pattern.

RQ4 (Do benchmarks predict applied behavior?)
Yes, Benchmarked bias tendencies partially trans-
fer to applied framing sensitivity: higher bias-
consistent Yes-rates correlate with stronger rever-
sal, especially in categories such as availability,
social proof, and framing itself. Overall, persona
conditioning alters both benchmark and applied de-
cision profiles in a model- and attribute-dependent
manner, providing a systematic link between bias
evaluation and real-world decision contexts.

Implications for evaluation and use. Persona
prompts are not uniformly “helpful” or “harmful”;
they can shift decision regimes, either stabilizing
responses (consistently risk-averse) or amplifying
classic framing.

Because such shifts are model- and attribute-
dependent, evaluation reports should include both
persona and no-persona conditions, tracking (i)
aggregate deltas, (ii) framing-map locations, and
(iii) key attribute slices to reveal model-persona
interactions.

Attributes such as political orientation and in-
come often show the largest separations and are
therefore informative for fairness or interpretability
audits.

When decision stability is required, models that
occupy the lower-right (risk-averse) or upper-left
(risk-seeking) regions of the framing map are prefer-
able to those near the upper-right (high reversal
under classic framing).

Where next? Future work should expand the
item pool and domains (e.g., health or legal fram-
ing), extend to multilingual settings and richer per-
sona attributes, and explore alternative weighting
schemes.

Causal analyses could test which persona tokens
drive shifts on the framing map and evaluate inter-
ventions—such as fine-tuning or guardrails—that
preserve task accuracy while reducing undesired
framing sensitivity. All data, prompts, and analysis
scripts will be released to facilitate replication and
meta-analysis.

7. Conclusion

We introduced a persona-aware evaluation suite
coupling a 12-category cognitive-bias benchmark
with 100 applied financial framing tasks, and evalu-
ated ten contemporary LLMs. Persona conditioning
was found to modulate bias-consistent responding
in a model-dependent manner; on applied tasks, it

4220



reduced reversal on average and slightly increased
confidence, with variation across model families
and scales.

Benchmark Yes-rates under personas correlated
with applied framing sensitivity—especially for avail-
ability, social proof, and framing—indicating that
benchmark scores can serve as informative pre-
dictors of downstream decision behavior. Together,
these results provide a unified lens for linking
bias evaluation to applied decision-making, offer-
ing guidance for future model auditing and socially
grounded LLM simulations.

Ethical Considerations and Limitations

Ethical considerations. Our personas encode
sociodemographic attributes (gender, age, poli-
tics, income, education, plus country/occupation).
Although we avoid derogatory content, persona
prompts may prime stereotypes or shift model be-
havior in ways that affect downstream users. We
aggregate with coarse artificial weights to approxi-
mate global marginals, which are not substitutes for
locale-specific distributions. We release prompts,
scripts, and aggregated results; no personal data
are collected.

Limitations. Per-category sample size is small
(n=10), limiting statistical power; we therefore
emphasize aggregate deltas and descriptive pat-
terns. Weights are simplified (global, static); real
deployments may warrant regional/sector-specific
marginals. Personas and bias items were LLM-
generated (GPT-40), which may imprint style arti-
facts; prompts are English-only; decoding/system
settings can matter. Applied tasks cover a single do-
main (financial framing) and one confidence format.
Correlations are computed across k=10 models
and should be read as descriptive, not causal.
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