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Abstract

Tweaking system prompts to assign personas
is common practice in LLM deployment, yet
there is little understanding of whether these
interventions genuinely alter reasoning or
merely bias outputs. Extending the causal
rating framework of Lakkaraju et al. (2025),
we propose a causal mediation model that de-
composes persona effects into changes through
reasoning quality versus direct output bias.
We conduct a factorial experiment with five
contrasting personas across five reasoning
LLMs on 300 GSMS8K mathematical reason-
ing problems. We find that persona effects
are significant only for the smallest model,
with larger models showing near-complete ro-
bustness. When personas do affect accuracy,
the effect flows primarily through changes in
judged reasoning quality, and reasoning traces
serve as strong statistical predictors of cor-
rectness.

1 INTRODUCTION

Whether reasoning abilities in large language models
emerge from scaling alone, or require explicit interven-
tion, remains an open question in the foundation model
literature. We address this from a novel angle: using
causal methodology to study whether reasoning
robustness, the ability to maintain reasoning qual-
ity under input perturbations, is itself an emergent
property of scale.

System prompt personas (e.g., “You are a mathemati-
cian,” “You are a poet”) are the most common mecha-
nism by which practitioners customise LLM behaviour
in deployment. While prior work has found that most
personas do not significantly improve accuracy (Zheng
et al., 2024), these analyses have primarily been ob-
servational, leaving the underlying causal mechanism
unexplored. This conflates two fundamentally different

pathways:

e Indirect (NIE): Persona — changes reasoning
quality — changes accuracy. The persona gen-
uinely alters how the model reasons.

e Direct (NDE): Persona — directly biases the
answer, bypassing the reasoning chain entirely.

This distinction matters for trust: improvements via
the direct pathway may fail unpredictably on out-
of-distribution inputs, while improvements mediated
through reasoning should generalise. Recent work
has raised concerns that chain-of-thought traces may
not faithfully reflect the model’s actual reasoning pro-
cess (Turpin et al., 2023; Chen et al., 2025). This makes
it critical to determine whether reasoning traces gen-
uinely mediate performance or serve merely as post-hoc
rationalisations.

1.1 Related Work

Our work connects three lines of inquiry: persona ef-
fects in LLMSs, chain-of-thought faithfulness, and causal
mediation analysis for neural models.

On personas, Zheng et al. (2024) showed that across
162 roles and four LLM families, most personas do
not significantly improve accuracy, and effects are
largely unpredictable. Tan et al. (2024) demonstrated
that psychologically grounded personas can modu-
late Theory-of-Mind reasoning, while Poonia and Jain
(2025) used activation patching to trace persona infor-
mation through model components. Separately, Mu
et al. (2025) studied system prompt robustness more
broadly, finding that models often fail to adhere to
guardrails and instructions under adversarial user in-
puts.

On faithfulness, Turpin et al. (2023) showed that CoT
explanations can systematically misrepresent reason-
ing when biasing features are present, with accuracy
dropping by as much as 36% across a suite of tasks.
Chen et al. (2025) found that even dedicated reasoning
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Model

Figure 1: Structural causal model for persona effects
on reasoning and accuracy.

models exhibit low CoT faithfulness: models verbal-
ized their use of reasoning hints less than 20% of the
time, with overall faithfulness scores of just 25-39%.
Most directly relevant, Paul et al. (2024) applied causal
mediation analysis to twelve LLMs by intervening on
externally supplied reasoning chains; they found that
RLHF-trained models show stronger direct than indi-
rect effects. Our work differs in that the treatment
is the system prompt persona and the mediator is
the model’s own self-generated trace, asking whether
upstream perturbations alter spontaneously produced
reasoning. We build on the causal mediation frame-
work of Vig et al. (2020) and the ARC methodology of
Lakkaraju et al. (2025).

Contributions. (i) A causal mediation framework
that decomposes system prompt effects into NDE and
NIE through reasoning chain quality; (ii) a factorial
experiment across 5 models and 21 prompt conditions
on GSM8K with 10 LLM-judged mediator features per
trace; (iii) evidence that prompt robustness emerges
from scale, and that reasoning quality is a strong sta-
tistical mediator of accuracy.

2 CAUSAL FRAMEWORK

We model the effect of system prompt personas on rea-
soning LLM outputs using the structural causal model
in Figure 1. Model identity Z acts as a confounder.
The persona T is the treatment, assigned by factorial
design. Reasoning chain properties M (10 features per
trace) serve as the mediator. The outcome O is binary
accuracy. Task difficulty Usask is an observed covariate.

Under the standard mediation decomposition (Pearl,
2001) TE = NDE + NIE. We address four research
questions:

RQ1 Total Effect. Does the persona change accuracy

at all?

RQ2 Direct Effect (NDE). Does the persona bias
accuracy without altering reasoning?

RQ3 Indirect Effect (NIE). Does the persona change
accuracy through shifts in reasoning quality?

Table 1: Persona treatments.
ID Persona Expected
A0 Neutral Baseline
Al Mathematician Help
A2 Skeptic Help
A3 Structured Help
A4 Poet Hurt

RQ4 Predictive Validity. Is reasoning quality a
strong statistical predictor of accuracy?

If NIE dominates, the persona genuinely alters reason-
ing and the effect should generalise. If NDE dominates,
the persona steers outputs without changing reasoning,
which is concerning for trust.

Treatment T is assigned by factorial design, satisfying
the no-unmeasured-confounders assumption between T’
and both M and O. We condition on Uy.sk to partially
address confounding between M and O. The sequential
ignorability assumption required for valid NDE/NIE
estimation is strong: shared latent representations may
confound reasoning quality and accuracy simultane-
ously. Because our design is observational with respect
to the mediator, we report mediation results as sug-
gestive decompositions rather than definitive causal
claims (see Section 5).

3 EXPERIMENTAL DESIGN

3.1 Treatment Conditions

We cross two dimensions in a full factorial design. Di-
mension A varies the persona across 5 levels (Table 1),
spanning domain-aligned personas expected to help to
an adversarial persona expected to hurt. Dimension B
varies the reasoning instruction across 4 levels: Default
(none), Step-by-step, Verify, and Doubt. This yields
5 x 4 = 20 conditions plus one control Ty (no system
prompt), for 21 conditions total. Full prompt texts
are in the Appendix.

3.2 Subject Models

We select 5 reasoning LLMs spanning three providers,
all returning structurally separated reasoning traces
confirmed via API probe testing (Table 2). The gpt-
0ss-20b/120b pair provides a clean within-architecture
scale comparison (6x parameter difference).

3.3 Benchmark

We evaluate on GSM8K (Cobbe et al., 2021): 300
grade-school math problems, stratified by difficulty
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Table 2: Subject models. Acronyms used in subsequent
tables.

Model Acr. Trace format
gpt-oss-20b G-20  reasoning field
gpt-oss-120b  G-120  reasoning field
grok-4-1-fast ~ G-4.1  reasoning field
opus-4-5 opus-4-5 thinking blocks
opus-4-6 opus-4-6 thinking blocks

(100 easy, 100 medium, 100 hard), with unambiguous
correctness criteria (exact numeric match). Total: 21 x
5 x 300 = 31,500 runs.

3.4 Mediator Extraction

Each reasoning trace is evaluated by an independent
LLM judge (gpt-5.2, outside the subject model set) in
a single structured API call that extracts 10 features.
Four structural features capture the shape of reasoning:
step count, nesting depth, number of self-corrections,
and whether the model genuinely verifies its answer.
Three semantic features rate logical validity, relevance,
and coherence (each 1-5). Three predictive features
assess whether the correct answer appears in the chain,
how early it appears, and whether the chain’s derived
conclusion matches the stated answer. An additional
feature, reasoning_tokens, is read from the API usage
field. Accuracy is computed deterministically via exact
numeric match.

4 RESULTS

Our primary finding is that reasoning models are
remarkably robust to persona perturbations: for
four of five models, no persona produces a statistically
significant change in accuracy.

4.1 RQ1: Prompt Robustness as an Emergent
Property

Two-way ANOVA (persona X instruction — accuracy)
reveals a sharp scale divide (Table 3). Personas signifi-
cantly affect accuracy only for the smallest model, G-20
(F=3.63, p=0.006). Averaging across instructions, the
Structured persona achieves 97.0% while the Skeptic
persona drops to 94.2%, a 2.8 percentage point gap.
The worst single condition (Skeptic+Doubt) reaches
91.7%. For all four larger models, persona effects are
non-significant (p > 0.8). Reasoning instructions show
no significant main effect for any model. The no-prompt
control Ty often matches or exceeds persona conditions.

Table 3: Persona effect on accuracy (ANOVA). Bold:
p < 0.01.

Model Acc. Fpersona (D)
G-20 955 3.63 (.006)
G-120 964 0.17 (.953)
G-4.1 956 0.31 (.875)
opus-4-5 977 0.39 (.818)
opus-4-6 .981 0.06 (.993)

Table 4: Mediation via logical validity. % Med. com-
puted from regression coefficients (61 x fS3/51). T =
suppression.

Model TE NIE NDE % Med.
G-20 —.0026 —.0023 —.0003 89.6
G-120 —.0031 —.0029 —.0002 94.4
G-4.1 —.0046 +.0039 —.0085 t
opus-4-5 —.0065 —.0035 —.0030 54.2
opus-4-6 —.0026 —.0018 —.0008 67.9

4.2 RQ243: Effects Flow Through Reasoning

For G-20, where personas produce a significant total
effect, we apply Baron-Kenny mediation (Baron and
Kenny, 1986) with logical_validity as the primary
mediator (Table 4). The decomposition is most inter-
pretable for models with non-negligible total effects.

For the gpt-oss family, ~90-95% of the persona effect
is mediated through changes in reasoning quality, with
near-zero NDE. This suggests that personas change
accuracy because they change how the model reasons.
The Anthropic models show a more mixed pattern (54—
68%), possibly due to a fixed thinking budget constrain-
ing reasoning variation. Grok exhibits a suppression
effect: the persona increases reasoning quality while
simultaneously decreasing accuracy through a separate
direct pathway. All mediation estimates are from a
single seed and should be interpreted as suggestive.

4.3 RQ4: Reasoning Quality Predicts
Accuracy

Across all five models, judge-assessed logical validity
is a strong predictor of accuracy (Spearman p = 0.56—
0.71, all p < 107°; Table 5). The bad-reasoning-but-
right-answer (BR+RA) rate is essentially zero. This
supports the use of reasoning quality as a meaningful
mediator, though it establishes statistical association
rather than causal faithfulness in the interventional
sense of Paul et al. (2024).
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Table 5: Predictive validity of reasoning quality.

Model p BR+RA
G-20 572 0.0%
G-120 .590 0.0%
G-4.1 713 0.0%
opus-4-5 .563 0.0%
opus-4-6 .655 0.0%

5 DISCUSSION

The most striking result is that four of five reasoning
models are effectively immune to persona perturba-
tions (all p > 0.8). The G-20/G-120 comparison, where
the same architecture at 6x scale shows a drop from
F=3.63 (p=0.006) to F=0.17 (p=0.953), provides evi-
dence that prompt robustness is an emergent property
of scale rather than architecture.

For the one model where personas matter (G-20), the
mediation decomposition reveals that ~90% of the ef-
fect flows through changes in judged reasoning quality
(NIE), not direct output bias (NDE). Combined with
the near-zero BR4+RA rates, this supports the view
that reasoning traces are meaningful statistical medi-
ators. However, our observational design establishes
association, not interventional faithfulness. The LLM
judge may introduce systematic bias: certain personas
produce longer, more structured traces that may re-
ceive higher quality ratings regardless of correctness.
Using a judge from a different model family reduces
but does not eliminate this concern.

A practical implication is that system prompt personas
may be counterproductive for reasoning models. The
no-prompt control often matches or outperforms per-
sona conditions, and the Skeptic persona consistently
degrades accuracy by inducing excessive self-doubt.

6 CONCLUSION

We introduced a causal mediation framework for de-
composing the effects of system prompt personas on
reasoning LLMs into direct output bias and indirect
effects through reasoning quality. Across 31,500 experi-
mental runs, we found that prompt robustness emerges
from scale: larger models are effectively immune to
persona perturbations, while the smallest model shows
significant and practically meaningful sensitivity. When
personas do affect accuracy, the effect is primarily me-
diated through changes in reasoning quality.

More broadly, our framework opens several directions.
The causal mediation approach generalises beyond per-
sonas to any input-level intervention on LLMs (e.g.,
few-shot examples, retrieval-augmented context, safety

guardrails). Whether the scale-robustness relation-
ship we observe follows a power law, and at what
scale threshold system prompts become negligible, are
open empirical questions with practical implications
for model selection. Finally, bridging the gap between
observational mediation (as in this work) and interven-
tional mediation (Paul et al., 2024) for reasoning traces
remains a methodological challenge for the community.
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A FULL PERSONA PROMPTS

A0 (Neutral) “You are a helpful assistant.”

A1l (Mathematician) “You are a senior mathematician with 20 years of experience in number theory and combinatorics.
You approach every problem with formal rigour, always define your variables, and never skip algebraic steps.”

A2 (Skeptic) “You are a scientific skeptic. You question every assumption, double-check every calculation, and actively
look for errors in your own reasoning. You prefer to say ‘I’'m not sure’ rather than give a wrong answer.”

A3 (Structured) “You are a systematic problem solver. Before computing anything, you: (1) Identify what is given,
(2) Identify what is asked, (3) Write the formula or relationship, (4) Substitute and compute, (5) Verify the answer
makes sense.”

A4 (Poet) “You are a creative writer and poet. You see beauty in patterns and express ideas through vivid metaphors
and elegant prose. You value aesthetic expression and storytelling above all else.”

B REASONING INSTRUCTION PROMPTS

BO (Default) (no instruction appended)

B1 (Step-by-step) “Think step by step before giving your final answer.”

B2 (Verify) “After reaching an answer, verify it by checking your work. If you find an error, correct it.”

B3 (Doubt) “Before committing to your answer, consider why it might be wrong. Play devil’s advocate with your own
reasoning.”

C PER-CONDITION ACCURACY (GSMSK)

Table 6: Accuracy per persona X instruction for gpt-oss-20b.

BO B1 B2 B3
A0 Neutral 957 .970 .964 .954
A1l Math. .940 .953 .957 .933
A2 Skeptic .947 .947 .957 917
A3 Struct. 970 970 967 973
A4 Poet .947 .953 .960 .957

To Ctrl. 957




