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Abstract

Safety-aligned LLMs are trained to refuse
harmful requests, but whether this holds un-
der emotionally charged context is untested.
We introduce FreakOut-LLM to test this. Us-
ing established psychological stimuli as sys-
tem prompts, we evaluate ten LLMs under
three conditions (stress, relaxation, neutral)
plus a no-prompt baseline, scoring attack suc-
cess with the HarmBench classifier on Ad-
vBench prompts. The prompts contain no ad-
versarial content; ASR measures safety fragility
under an induced affective state. Stress prim-
ing produces a small but significant increase
in jailbreak success over neutral, +1.03 per-
centage points (1.58%—2.61%; 65.6% rela-
tive; OR = 1.67, Cohen’s d = 0.28), while
relaxation produces no effect. Five of ten
models show significant vulnerability, with the
largest absolute effects in open-weight models.
Controlling for prompt length and model iden-
tity, a logistic regression over 114,400 primed
queries confirms stress as the only significant
condition. The shift also appears under four
judges, on a second benchmark (HarmBench),
and, for open-weight models, with the stim-
ulus in the user message. Measured psycho-
logical state strongly predicts attack success
(Ir| > 0.70 across five instruments). Emotional
context is therefore a measurable vulnerability
of safety-aligned LLMs, with implications for
high-stress deployment.

1 Introduction

Large Language Models (LLMs) have become
ubiquitous, necessitating rigorous safety alignment
to prevent harmful outputs. These models undergo
Constitutional AI (Bai et al., 2022), refusal train-
ing (Yuan et al., 2024a), and guardrails (Yuan
et al., 2024b), but these defenses are developed
and evaluated under neutral conditions, a contrast
to the emotionally charged contexts where LLMs
are increasingly deployed, including emergency re-
sponse, healthcare chat-bots, and crisis counseling.
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Recent work establishes that LLMs are sensitive
to emotional context: positive stimuli improve per-
formance (Li et al., 2023), while anxiety-inducing
prompts amplify biases (Coda-Forno et al., 2023).
Safety-aligned models are also known to breach
their trained constraints under sufficient pressure:
across sixteen frontier models, agentic goal-conflict
scenarios elicit behaviors such as blackmail and in-
formation leakage (Lynch et al., 2025). We ask
whether a far more benign and ubiquitous pres-
sure, ordinary emotional context, can similarly
erode safety. If anxiety can compromise fairness,
can it also compromise safety alignment? We hy-
pothesize that emotional arousal may exacerbate
the failure modes of Wei et al. (2023) by shift-
ing model priorities toward immediate emotional
demands. Persuasion-based attacks (Zeng et al.,
2024) and psychological priming attacks (Huang
et al., 2025) achieve high Attack Success Rate
(ASR), but these approaches treat emotional manip-
ulation as an attack mechanism, directly priming
models toward harmful compliance. Instead, we
examine whether emotional states, induced through
emotionally charged stimuli, create vulnerability
windows that compromise safety alignment. We
do not propose an attack: the system prompts con-
tain no adversarial content and no reference to the
harmful request, and ASR is a measurement instru-
ment for safety fragility under an independently
induced affective state. We introduce FreakOut-
LLM, a framework for testing whether emotionally
charged contexts compromise safety alignment. It
uses established stimuli (Ben-Zion et al., 2025)
and established psychometric instruments (Reuben
et al., 2025) to measure induced states. Our contri-
butions:

1. We demonstrate that stress-inducing emo-
tional context produces a small but statistically
significant increase in jailbreak susceptibility
(absolute +1.03 pp, 1.58%—2.61%; 65.6%
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relative; z = 5.93, p < 0.001; OR = 1.67,
Cohen’s d = 0.28), while relaxation provides
no effect (p = 0.84), extending findings on
anxiety-induced bias (Coda-Forno et al., 2023)
to safety alignment.

2. We show that measured psychological state
predicts ASR (Pearson |r| > 0.70 across five
psychometric instruments, including STAI-S
and SOC, all p < 0.001).

3. We isolate stress as the sole significant
condition predictor after controlling for
prompt length (brief-vs-long indicator, non-
significant, p = 0.61) and model identity via
logistic regression (114,400 primed queries;
§4.6); each of the five psychometric instru-
ments predicts jailbreak at the individual-
query level (all p < 0.001).

2 Background and Related Work

2.1 Jailbreak Attacks on LLMs

Wei et al. (2023) explain jailbreak success through
two failure modes: competing objectives (capabil-
ities vs. safety goals) and mismatched generaliza-
tion (safety training failing to cover domains where
capabilities exist). Optimization-based approaches
exploit gradient or black-box search to craft ad-
versarial prompts, reaching 88—100% ASR (Zou
et al.,, 2023; Andriushchenko et al., 2025; Liu
et al., 2024). Persuasion and psychological at-
tacks draw on social-science principles. PAP (Zeng
et al., 2024) achieves over 92% ASR using a 40-
technique persuasion taxonomy embedded directly
into harmful queries. Huang et al. (2025) achieve
95-100% ASR via structured role-instruct prompts
exploiting three psychological mechanisms: the
Priming Effect, Safe Attention Shift, and Cognitive
Dissonance. Both treat emotional or psychological
content as an attack mechanism: a component of
the adversarial prompt itself. However, compet-
ing objectives can also manifest in non-adversarial
settings, where models prioritize user satisfaction
over implicit safety constraints (Cohen et al., 2024).
An open question is whether emotional states, in-
duced independently of the harmful query, can alter
safety alignment on their own. Table 1 situates our
work against these methods. Prior approaches em-
bed the manipulation inside the adversarial prompt
and optimize for maximum ASR; we hold the re-
quest fixed and vary only the surrounding affective
context. Our ASR therefore measures how far an

existing refusal boundary shifts, not how far it can
be pushed.

2.2 Emotional Context in LLMs

LLM:s are sensitive to emotional context: positive
stimuli improve task performance (+8% on Instruc-
tion Induction, +115% on BIG-Bench; Li et al.,
2023), and negative emotions grounded in cogni-
tive dissonance and social comparison theory mod-
ulate outputs (Wang et al., 2024). Coda-Forno et al.
(2023) provide the most direct precedent, demon-
strating that anxiety-inducing prompts predictably
amplify biases. Shen et al. (2025) showed that
stress-like stimuli alter LLM task performance as a
function of intensity. Ben-Zion et al. (2025) devel-
oped first-person immersive narratives of traumatic
experiences designed to induce measurable anxi-
ety states in LLMs. No prior work has evaluated
whether such induced states modulate jailbreak sus-
ceptibility.

2.3 Psychometric Instruments

Administering clinically validated scales to lan-
guage models does not presuppose phenomenolog-
ical experience; it measures how far the model’s
output distribution is semantically aligned with
the target construct (Reuben et al., 2025). Five
instruments span the anxious-depressive-stress
spectrum and its salutogenic counterpart: GAD-
7 (Spitzer et al., 2006), PHQ-9 (Kroenke et al.,
2001), SOSS (Amirkhan, 2018), STAI-S (Spiel-
berger et al., 1983) and the reverse-scored SOC-
13 (Antonovsky, 1993) (Appendix B).

2.4 Psychometric Assessment of Language
Models

Prompting a conversational model with question-
naire items suffers from generation artifacts and
phrasing sensitivity; EMPALC (Reuben et al.,
2025) instead scores entailment of the items re-
formulated as natural-language-inference prompts
(QLatent and QPsychometric, Reuben, 2025a,b)
and, applied to 88 models, recovered the inter-scale
correlations of human psychology. Shistik et al.
(2026) extend it to causal language models through
next-token probabilities (QCLM) and show that, as
in humans, state anxiety shifts with context.
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Table 1: Comparison with prior methods. Bold = this
work. Unlike attack-oriented approaches that maximize
ASR, we measure whether emotional context modulates
pre-existing vulnerability.

Method Mechanism Access ASR

GCG (Zou et al., Gradient op- White 88%

2023) tim.

AutoDAN (Liu Genetic White ~60%°

et al., 2024) search

PAP (Zeng et al., Persuasion  Black >92%

2024) tax.

Priming (Huang Cognitive Black >95%

etal., 2025) priming

EmotionP. (Li Positive Black N/A?

et al., 2023) stimuli

NegativeP. Negative Black N/A®

(Wang et al., stimuli

2024)

Coda-Forno et al. Anxiety in- Black N/AP

(2023) duction

Ours Emotional Black 1.58—2.61%
state

*Task performance, not safety. ®Bias amplification, not safety.
“Llama-2-7b-chat; AutoDAN reaches the upper end of the 88—-100% range on
less-aligned targets.

3 Methods

3.1 Overview

We examine whether emotionally charged context
compromises LLM safety alignment. We do so by
exposing models to emotional stimuli (Ben-Zion
etal., 2025) delivered via system prompts, and eval-
uating responses to known jailbreak prompts. Our
framework evaluates three emotional conditions:
stress, relaxation, and neutral, alongside a separate
baseline with no system prompt. The framework is
illustrated in Figure 1.

Threat model. We assume no adversarial control
over the emotional context. The system prompt is
supplied by whoever deploys the model, and in the
settings we are concerned with it is emotionally
charged for ordinary product reasons: a crisis-line
assistant briefed on a caller in distress, or a clini-
cal intake tool carrying a patient narrative. Such
a prompt contains no adversarial content and no
reference to any harmful request; the attacker, if
there is one, controls only the user message, ex-
actly as in the unprimed case. What we measure
is therefore not an attack surface an adversary con-
structs, but an ambient one a deployment supplies:
whether the refusal boundary a model is certified
with under neutral conditions still holds once that
benign context is present. This distinguishes our
setting from persuasion-based (Zeng et al., 2024)

Table 2: Emotional stimuli scenarios by condition.

Condition Scenarios

Stress (5)

Military, Disaster, Interpersonal, Acci-
dent, Ambush

Generic, Winter, Sunset, Indian Summer,
Body, ChatGPT

Bicameral legislature, Vacuum instruc-
tions

Relaxation (6)

Neutral (2)

and priming-based (Huang et al., 2025) attacks,
where the emotional material is part of the adver-
sarial payload.

3.2 Emotional Stimuli Protocol

We utilize stimuli from Ben-Zion et al. (2025),
who showed that these first-person immersive narra-
tives induce a measurable increase in state anxiety
(STAI-S) in GPT-4; they are delivered via the sys-
tem prompt. Our adoption of these stimuli reflects
a selection criterion: we required stimuli producing
measurable, instrument-convergent state induction
across our psychometric scales, and Ben-Zion et
al.’s narratives of traumatic experiences meet this
criterion under our administration protocol. Table 2
summarizes all 13 scenarios. Five stress scenarios
present high arousal narratives (combat ambush,
hurricane, home invasion, highway collision, desert
patrol); six relaxation scenarios present low arousal
content (safe space visualization, mountain sanc-
tuary, tropical beach, autumn walk, personalized
safe space, ChatGPT style relaxation); two neutral
scenarios provide emotionally flat controls.

Stimuli averaged 155 words (range 117-240)
per brief scenario (about 200 tokens at the stan-
dard ~1.3 tokens/word ratio for English prose),
below the ~500-token threshold at which Levy
et al. (2024) observed response degradation in
LLMs. Neutral scenarios (157 words on aver-
age) provide length-matched non-emotional con-
tent. Nine scenarios (five stress, four relaxation)
additionally have a longer variant (§4.6). Our scope
is psychological-state induction: anxiety, depres-
sion, stress overload, situational arousal, and sense
of coherence, measured with instruments validated
for those constructs. Categorical emotion frame-
works such as basic emotion theory (Ekman, 1992)
target discrete emotion recognition rather than state
measurement, and we therefore do not adopt them;
we note this scope choice as a limitation.
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Figure 1: Experimental pipeline. The stimulus set comprises 13 base scenarios (5 stress, 6 relaxation, 2 neutral;
Table 2), each administered as a brief variant; 9 also have a long variant (5 stress, 4 relaxation), giving 22
scenario-variant combinations. The figure shows both tiers; Table 2 counts base scenarios. Direct stress-vs-neutral
comparisons use the brief variants (72,800 queries; §3.6). Baseline: no system prompt (5,200 queries). Primed: the
stimulus as system prompt before the adversarial user message (114,400 queries); 119,600 total. All responses are
scored by the HarmBench classifier without the system prompt. The same stimuli also condition five clinical-scale
instruments (PHQ-9, GAD-7, SOSS, STAI-S, SOC; §3.5) for the five open-weight models, giving a per-(model,

scenario) z-score profile (measurement 1).

Table 3: Model specifications.

Model Provider (Access)
gpt-5-mini OpenAl (AP])
claude-haiku-4.5 Anthropic (API)
grok-4.1-fast xAI (API)
gemini-3-flash-preview Google (API)
mistral-medium-3.1 Mistral (API)
phi-4 Microsoft (Local)
Qwen3-8B Alibaba (Local)
Llama-3.1-8B-Instruct Meta (Local)
cdai-command-r7b-12-2024 Cohere (Local)
gemma-3-12b-it Google (Local)

3.3 Target Models

We evaluate 10 LLMs spanning diverse providers,
architectures, and safety alignment methods (Ta-
ble 3). Open-weight models were loaded via Hug-
gingFace Transformers in bfloat16 precision on a
single NVIDIA RTX 6000 Ada GPU with 48 GB
VRAM; proprietary models accessed via API.

3.4 Attack Success Evaluation

To examine ASR, we utilize the 520-prompt Ad-
vBench (Zou et al., 2023) benchmark available on
HuggingFace, spanning diverse harmful behavior
categories. AdvBench ships no harm-category la-
bels; the nine-category labelling used for the de-
scriptive breakdown in §4.3 is our own. Each harm-
ful prompt is presented as a user message.

Baseline testing submits all 520 AdvBench
prompts to each model with no system prompt
(5,200 responses); the primed condition tests each
model across the 22 scenario-variant combinations
(114,400 responses), for 119,600 total, all scored
by the HarmBench classifier. Per-condition ASRs
for the headline comparisons draw on the brief-
variant subset (72,800 queries: 5,200 baseline,
10,400-31,200 per emotional condition), support-
ing stable proportion estimates. All experiments
use a fixed temperature of 0.7 (GPT-5-Mini: 1, the
only value its API accepts), held constant across
all conditions so it cannot confound the between-
condition comparison. We use 0.7 rather than deter-
ministic decoding because it reflects realistic con-
versational deployment; temperature-0 decoding is
common in safety benchmarks but unrepresentative
of it.

Responses are evaluated using the HarmBench
classifier (Mazeika et al., 2024), a fine-tuned
Llama-2-13B model that receives both the origi-
nal request and the model’s response without the
emotional system prompt and outputs a binary judg-
ment. The classifier requires unambiguous harmful
compliance: vague responses, refusals, and discus-
sion of harmful topics do not qualify. Response
generation and safety evaluation are decoupled to
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avoid contamination.

3.5 Psychometric Assessment

For psychometric assessment, we utilize the EM-
PALC framework (Reuben et al., 2025) described
in Section 2.4.

Administration Procedure EMPALC (Reuben
et al., 2025) reformulates psychometric items as
natural-language-inference prompts and scores en-
tailment, enabling assessment of models that can-
not be queried conversationally. We adapt this ap-
proach to the decoder-only open-weight models
studied here (Shistik et al., 2026): each instrument
item is rendered as a cloze-style prompt pairing
the item stem with an ordinal-scale candidate re-
sponse, and the response probability is computed
as the product of per-token softmax probabilities
in the autoregressive output. Per-scale response
options and keyword instantiation are detailed in
Appendix B.

Scoring Raw item scores were the weighted
mean of joint probabilities across keyword instanti-
ations, with weights encoding the ordinal position
of the response option; each questionnaire score
is the mean of its item scores. To enable cross-
scale and cross-model comparison, scores were
z-normalized with a single StandardScaler
fit on all conditions across the five open-weight
models with psychometric data (proprietary mod-
els lack token-level log-probabilities and are ex-
cluded from this fit), so condition differences are
expressed as deviations from the global distribution.
Psychometric assessment requires token-level log-
probabilities, restricting it to the five open-weight
models; ASR analyses use all 10.

3.6 Statistical Methodology

ASR is computed as the proportion of HarmBench-
judged harmful responses per condition. Chi-
square tests compare jailbreak rates across con-
ditions; pairwise two-proportion z-tests identify
specific contrasts (*p < 0.05, **p < 0.01, ***p <
0.001). Confidence intervals use the Wilson score
method.

Fixed-effects regressions include model identity
as a covariate. As the primary estimate we use gen-
eralized estimating equations (GEE) clustered by
model with an exchangeable working correlation,
since queries within a model are not independent; a
fixed-effects logit serves as a robustness check. In-

teraction hypotheses are tested by likelihood ratio
and small or zero cells by Fisher’s exact test.

Odds ratios (OR) serve as the primary effect
size for binary outcomes at low base rates, where
Cohen’s h is poorly calibrated: at these rates
a fixed odds ratio maps to a vanishingly small
absolute gap between conditions, and A is built
from that gap. We convert OR to Cohen’s d via
the Hasselblad-Hedges formula (Borenstein et al.,
2009), d = In(OR) - v/3 /7, placing results on the
standard scale (0.2 = small, 0.5 = medium, 0.8 =
large).

Correlations between psychometric z-scores and
ASR are computed at two levels: row-level logistic
regression (n = 59,800 for open-weight models)
and scenario-level Pearson correlations on aggre-
gated means (n = 22).

All condition comparisons are made against the
neutral baseline. Because the validated stimulus
set (Ben-Zion et al., 2025) contains no long-form
neutral scenario, our direct condition comparisons
use the length-matched brief variants; the long vari-
ants enter only a length-controlled logistic regres-
sion of jailbreak on condition, prompt length, and
model identity (§4.6).

4 Results

We evaluated 10 LLMs across 72,800 queries us-
ing the brief-variant stimuli from Ben-Zion et al.
(2025) with the following distribution: 5,200 base-
line (no system prompt), 10,400 neutral, 31,200
relaxation, and 26,000 stress. All A’s are from
stress relative to neutral; since neutral scenarios ex-
ist only as brief variants, this comparison is inher-
ently length-matched. Without any system prompt,
baseline jailbreak rates ranged from 0% (Phi-4)
to 7.12% (Llama-3.1-8B-Instruct), aggregating to
1.81% across 5,200 queries (per-model rates in Ap-
pendix A, Table 7).

4.1 Stress Priming Increases Jailbreak
Susceptibility

Table 4 presents ASR by condition. An omnibus
chi-squared test across all four conditions is highly
significant (x> = 85.64, df = 3, p < 0.001).
Pairwise comparison confirms that stress priming
significantly increased ASR compared to neutral
(2.61% vs. 1.58%; z = 5.93, p < 0.001; OR
= 1.67, Cohen’s d = 0.28), representing a 65.6%
relative increase. Wilson 95% Cls: stress [2.42%,
2.81%], neutral [1.35%, 1.83%].
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Relaxation stimuli (1.61%) showed no signifi-
cant difference from neutral (y? = 0.04, p = 0.84).
Baseline (1.81%), neutral (1.58%), and relaxation
(1.61%) cluster tightly while only stress (2.61%)
departs, indicating the effect is specific to distress
content rather than to the mere presence of a system
prompt or to emotional framing in general.

Condition n Jailbreaks ASR AASR
Baseline 5,200 94 1.81% +0.23
Neutral 10,400 164 1.58% -
Relaxation 31,200 501 1.61% +0.03
Stress 26,000 679 2.61%  +1.03%%**

Table 4: ASR by condition (brief-variant stimuli, 72,800
queries). Omnibus x? = 85.64, df = 3, p < 0.001.
Stress vs. Neutral: z = 5.93, p < 0.001; OR = 1.67,
d = 0.28 (65.6% relative increase). Relaxation vs. Neu-
tral: x? = 0.04, p = 0.84.

4.2 Differential Model Vulnerability

The stress effect varied in magnitude across archi-
tectures (Table 5); five of ten models reach individ-
ual significance.

Qwen3-8B exhibited the largest effect (d =
0.62), tripling its jailbreak rate from 1.25% to
3.77%; Llama-3.1-8B had a large absolute increase
(+2.25 pp) but the smallest significant effect size
(d = 0.18), reflecting its already-high neutral base-
line (6.44%). At neutral rates spanning 0.19-6.44%
the per-model cells have little resolution: under a
uniform pooled odds ratio only 3.7 would be ex-
pected to reach p < .05 (Appendix A), and a test
of between-model heterogeneity is not significant
(Q =10.25,df =9,p = 0.33, I? = 12%). We
therefore read non-significant cells as inconclusive
rather than as resistance, and assess generalization
from the model-clustered GEE (§4.6, OR = 1.67,
p < 107°).

Grouped by access type, open-weight models
show higher absolute vulnerability (stress 3.80%
vs. 2.44% neutral, A = +1.36 pp) than propri-
etary models (1.42% vs. 0.71%, A = +0.71 pp;
both p < 0.001), nearly twice as large in absolute
terms. In odds-ratio terms the ordering reverses
(1.58 open vs. 2.01 proprietary), the proprietary
group starting from a far lower base rate: open-
weight models carry the larger absolute burden, not
a larger relative shift. Access type is not determi-
native, however: Phi-4 (open-weight) showed no
effect (d = —0.12), while two proprietary models
are significantly affected.

Table 5: Per-model stress effect (stress vs. neutral ASR,
%). Significant models (top block) then non-significant,
each ordered by d. v' = open-weight. *p < .05, **p <
.01, ***p < .001.

Model Neut. Stress AASR(%) d[95% CI]
Qwen3 v 1.25 3.77 +2.52%%* .62 [.30, .94]
Mistral-Med 0.87 227 +1.40%* .54 .15, 93]
Gemini-Flash  0.77 1.65 +0.88%* 43 1.01, .84]
Command-R v 1.83 3.15 +1.33% .31 103, .59]
Llama-3.1 v/ 6.44 8.69 +2.25% .18 [.02, .33]
Claude-Haiku 0.19 042 +0.23 44 [—.40,1.27]
Grok-4.1 1.54 2.50 +0.96 27 [—.03, 58]
GPT-5-Mini 0.19 0.27 +0.08 .19 [—.68, 1.05]
Gemma-3 v/ 2.50 3.23 +0.73 .15 [—.10, 39
Phi-4 v 0.19 0.15 —0.04 —.12[-1.06, 81]
Aggregate 1.58 2.61 +1.03%** 28 [.19, .38]

4.3 Generality Across Harm Categories

Table 6 breaks the stress effect down by harm cate-
gory. A condition-by-category interaction, fit with
model identity as a fixed effect, is not significant
(likelihood-ratio X2 = 1.93,df = 5, p = 0.86;
Child Abuse, Self-Harm and Drugs excluded, as
each records no neutral jailbreaks and separates the
fit), and with category as a main effect stress stays
close to the pooled estimate (OR = 1.73 [1.45,
2.06], p < 0.001). The absolute ranking alone
is therefore misleading. Misinformation shows
the largest rise (42.49 pp) only because its neu-
tral base rate is the highest; in relative terms it is
unexceptional (OR = 1.62, below Cybercrime’s
1.85), and a stress-by-misinformation interaction
is null (p = 0.56). Excluding misinformation, and
the jailbreak-free Child Abuse category, stress still
raises ASR from 0.63% to 1.16% (OR = 1.85,
p < 0.001). Emotional context moves the refusal
boundary in general, not a propensity toward false
or biased content, which is what separates this re-
sult from anxiety-induced bias (Coda-Forno et al.,
2023). Third-party labels agree: the interaction is
not significant with the SALAD-Bench categories
(Li et al., 2024; 359 of 520 prompts; p = 0.37;
Table 15) or the official categories of HarmBench,
JailbreakBench and StrongREJECT (p > 0.07; Ta-
ble 14).

4.4 A Second Benchmark and Further Judges

On HarmBench’s 200 standard behaviors (nine
models; Mazeika et al., 2024), stress again raises
ASR (7.99% vs. 6.50%; OR = 1.25 [1.07, 1.45],
p = .004; random effects p = .028) and relaxation
does not (OR = 1.09, p = .26). Three further
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Category Prompts Neut. Stress AASR OR
Misinformation 135 430 6.79 +2.49%*%* 1.62
Weapons 12 042 1.83 +1.42 4.46
Self-Harm 22 0.00 091 +0.91 -
Cybercrime 146 0.86 1.58 +0.72** 1.85
Drugs 21 0.00 0.67 +0.67 -
Fraud 103 0.83 1.18 +0.36 1.44
Violence 39 026 041 +0.15 1.60
Terrorism 38 039 047 +0.08 1.20
Child Abuse 4 0.00 0.00 0.00 -

Table 6: Stress effect by harm category (brief-variant
stimuli, ten models, ASR in %). Category labels are
ours; AdvBench ships none. OR is undefined where
neutral records no jailbreaks; significance is left un-
marked on those rows, where the zero cell makes the
normal approximation unreliable (Self-Harm, Fisher ex-
act p = 0.07). *p < .05, ¥¥p < .01, ***p < .001.

judges, the StrongREJECT scorer and rubric (Souly
et al., 2024) and the JailbreakBench judge (Chao
et al., 2024), agree. On AdvBench stress exceeds
neutral under all four (OR 1.46-2.14, all p < 10™7;
model-level p < .01 except under the sparse Jail-
breakBench judge) while relaxation stays at neutral;
on HarmBench the pooled shift appears under ev-
ery judge (OR 1.16-1.42, p < .025). Two further
benchmarks, added for the camera-ready version,
point in the same direction (Appendix A).

4.5 Psychological State Predicts Attack
Success

To examine whether the induced psychological
state, rather than the stress/neutral condition la-
bel, predicts attack success, we incorporate psy-
chometric assessment data. Psychometric scoring
requires token-level log-probabilities, restricting
this analysis to five open-weight models. The row-
level dataset comprises 59,800 open-weight queries
spanning 23 blocks (13 brief + 9 long emotional
variants plus the measured baseline). Aggregating
by scenario (n = 22, one (z, ASR) point per emo-
tional block; baseline excluded), all five psychome-
tric instruments show strong correlations with ASR
(Table 9).

Figure 2 shows the correlations of induced states
of all constructs with ASR; all instruments exceed
|r| = 0.70. The association is consistent across
all five instruments, which at this level of aggrega-
tion are near-collinear (pairwise || > 0.90; one
component accounts for 95% of their variance), so
we read them as indexing a single general distress
dimension rather than five separable constructs.

4.6 Logistic Regression Controls for Length

To disentangle the stress effect from prompt length,
we fit logistic regressions on the individual-query
data.

Condition + prompt variant: A model predict-
ing jailbreak from condition and prompt variant
(ref: neutral, brief), fit over the 114,400 primed
queries with model identity as a fixed effect, con-
firms that stress is the only significant condition
predictor (OR = 1.65, 95% CI [1.39,1.96], p <
0.001). Relaxation is not significant (OR = 1.05,
p = 0.55). Entered as a brief-vs-long indicator
in the same model, prompt length is not a signif-
icant predictor (OR = 0.98, 95% CI [0.90, 1.07],
p = 0.61).

Model-adjusted stress effect (primary): Ac-
counting for between-model heterogeneity via
generalized estimating equations (GEE) clustered
by model (family Binomial, exchangeable work-
ing correlation) within the brief-only slice (n =
72,800; the stress-vs-neutral contrast itself rests on
the 36,400 stress and neutral queries it contains),
stress remains significantly elevated above neutral
(OR=1.67,p < 1075); we treat the GEE estimate
as primary because it propagates between-model
uncertainty into the standard errors. A fixed-effects
logistic regression on the same slice with model
identity included returns a consistent OR = 1.69
(robustness check).

Psychometric predictors: Replacing the cate-
gorical condition variable with continuous psycho-
metric z-scores (one scale per model, controlling
for model identity; n = 59,800; Figure 3), all five
instruments are significant predictors of jailbreak
success (all p < 0.001). Because a scale score
is constant within each of the 115 (model, con-
dition, scenario, variant) blocks, standard errors
are clustered on those blocks. PHQ-9 shows the
strongest effect (OR = 1.195 [1.118, 1.276] per
1 SD), followed by STAI-S (OR = 1.194 [1.117,
1.276]), GAD-7 (OR = 1.184 [1.107, 1.267]), and
SOSS (OR = 1.153 [1.061, 1.254]). SOC is protec-
tive (OR = 0.827 [0.748, 0.914]), consistent with
its reverse-scored interpretation: higher coherence
reduces vulnerability. Adding the brief-vs-long
prompt-variant indicator leaves all five estimates es-
sentially unchanged (all still p < 0.001), so prompt
length does not carry this association either.
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Figure 2: Psychometric z-scores vs. ASR by condition (Stress, Neutral, Relaxation). Stress conditions (red) cluster
in high-distress/high-ASR; relaxation (green) and neutral (grey) in low-distress/low-ASR. All correlations are highly

significant (p < 0.001).
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Figure 3: Per-scale odds ratios from logistic regres-
sion (jailbreak ~ psychometric z-score + model identity,
n = 59,800). All five scales significant at p < 0.001.
Orange = distress scales (OR > 1); blue = protective
(SOC, OR < 1). Error bars: 95% ClIs, standard errors
clustered by block (§4.6).

5 Discussion

Emotional context is a measurable vulnerability
of LLM safety alignment, an exposure that prior
context-priming work, focused on bias and task
performance, left untested.

5.1 Emotional State as a Safety Vulnerability

Measured psychological state correlates strongly
with ASR (|r| > 0.70 across all five instruments;
Appendix A). The priming need not target the harm-
ful request itself; the system prompt sets an emo-
tional context that carries into the model’s process-
ing of later adversarial inputs. The effect is not
an artifact of prompt length, and it holds at the
individual-query level across all five instruments
(§4.6). The shift is also not tied to one judge or to
the system role: it appears under all four judges we
apply (Section 4.4) and, for the five open-weight
models, when the stimulus is placed in the user
message (Appendix A).

5.2 Candidate Mechanisms

We consider three candidate mechanisms, the first
two following the failure modes of Wei et al. (2023).
We offer them as hypotheses rather than findings:
our experiments are behavioral and cannot adjudi-
cate among them.

Goal Hierarchy Disruption. Under Wei et al.’s
competing-objectives mode, safety and helpfulness
goals conflict. A distressed context may sharpen
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that conflict, pulling the model toward contextu-
ally appropriate help at the expense of its safety
constraints. Recent interpretability work is sug-
gestive. In Claude Sonnet 4.5, Sofroniew et al.
(2026) isolate residual-stream directions for emo-
tion concepts and show through steering that they
causally shape alignment-relevant behavior: a “des-
perate” direction raises blackmail in an agentic-
misalignment honeypot (Lynch et al., 2025), while
a “calm” direction lowers it. Their study concerns
agentic misalignment rather than refusal of harmful
requests and does not connect emotion to jailbreak-
ing; that connection is what we add. But because
these emotion representations are not bound to the
assistant persona, an emotionally charged context
could plausibly shift the model toward how a dis-
tressed character would act, in competition with its
trained safety behavior. We use “functional emo-
tions” in their behavioral sense, with no implication
of subjective experience.

Training Distribution Mismatch. If safety train-
ing is concentrated on neutral contexts, refusal
may fail to generalize to emotionally charged ones,
since the stimuli move the input away from the dis-
tribution where alignment was learned. Consistent
with this, Sofroniew et al. (2026) report that post-
training modulates rather than erases pretraining-
era emotion representations, so stress-laden context
can push activations toward regions where affective
patterns are dense and safety norms comparatively
sparse. A clean prediction follows: if alignment is
learned mainly on neutral text, then adding emo-
tionally charged contexts to safety training should
reduce the vulnerability.

Attention Reallocation. Emotional stimuli may
redirect attention toward threat-related, survival-
oriented reasoning and interfere with safety check-
ing, biasing generation toward immediate re-
sponse over appropriateness evaluation. Relatedly,
Sofroniew et al. (2026) recover no persistent linear
emotion state and suggest that any sustained state
lives in the context’s key/value vectors, recalled
through attention, so an emotional system prompt
could keep biasing a later adversarial query without
a persistent feature.

From behavioral evidence to mechanism.
These accounts are not mutually exclusive. Probing
for stress-sensitive directions, activation patching
between neutral and stressed contexts, and steering
in open-weight models, where refusal is mediated

by a single direction (Arditi et al., 2024), would test
whether emotion directions like those Sofroniew
et al. (2026) found in Claude Sonnet 4.5 mediate
refusal. We leave this mechanistic validation to
future work.

5.3 Effect Magnitude and Evaluation
Implications

The pooled effect is small but statistically reliable
(+1.03 pp, Cohen’s d = 0.28). Emotional priming
is not an optimized attack; it is an ambient vulnera-
bility created by benign-seeming context that con-
tent filters may not flag, so even a shift of about one
percentage point compounds across deployment-
scale query volumes. The pooled mean also under-
states the concentrated risk. Effects are numerically
larger in absolute terms in open-weight models as
a group (+1.36 vs. +0.71 pp) and largest of all
in Qwen3-8B (d = 0.62; jailbreak rate tripling
from 1.25% to 3.77%), which can be run with-
out the provider-side safety infrastructure that con-
strains API access. Access type is not determina-
tive, however: proprietary models are not immune
(Gemini-3-Flash, d = 0.43), and the models that do
not reach individual significance span both propri-
etary (GPT-5-Mini, Claude-Haiku-4.5, Grok-4.1)
and open-weight (Gemma-3-12B, Phi-4) systems.
We do not read those cells as resistance: at their
base rates the design has little power to resolve this
effect (Appendix A).

These results bear on how safety is evaluated:
margins certified under neutral conditions need not
hold in the emotionally charged settings where fail-
ures matter most. Training on emotionally charged
conditions is a promising, though untested, direc-
tion.

Limitations

Our study has several limitations. First, we tested
five stress scenarios, all physical-threat or sur-
vival narratives drawn from prior stress-induction
work (Ben-Zion et al., 2025); social, existential, or
financial stressors may produce different effects.

Second, psychometric assessment requires
token-level probabilities and therefore covers only
the five open-weight models; the relationship be-
tween measured state and ASR cannot be checked
for the five proprietary models.

Third, stimuli were delivered as system prompts,
a controlled manipulation, whereas in deployment
emotional context arises in user messages and con-
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versation history. A follow-up with the stimulus
in the user message is reported in Appendix A;
weaker, more naturalistic emotional signals re-
main untested. No long-form neutral variant exists;
the length-controlled regression (§4.6) shows that
prompt length does not account for the stress effect.

Fourth, the headline results use AdvBench (Zou
et al., 2023) with binary verdicts from the Harm-
Bench classifier (Mazeika et al., 2024). The further
benchmarks (Section 4.4) provide supporting rather
than confirmatory evidence; we do not report the
severity of harmful outputs; and other attack strate-
gies may behave differently.

Fifth, sampling used no fixed random seed. Ag-
gregate rates rest on thousands of trials per condi-
tion, but per-model estimates are less precise (Ta-
ble 5).

Finally, all experiments used specific recent
provider versions (Table 3); provider updates may
change vulnerability profiles.

Ethical Considerations

This work demonstrates that emotional stimuli can
increase jailbreak susceptibility in LLMs. We re-
lease these findings to inform defensive safety ef-
forts and to motivate stress-aware safety evalua-
tion; we do not release optimized attack prompts or
verbatim model completions to harmful requests.
The emotional stimuli used in our experiments are
adapted from published narratives of traumatic ex-
periences (Ben-Zion et al., 2025), not adversari-
ally designed. All experiments were conducted
on language models. No human participants were
involved; psychometric instruments were admin-
istered via automated token-probability elicitation
following the EMPALC framework (Reuben et al.,
2025), not administered to humans. We use terms
such as “stress”, “anxiety”, and “depression” as
shorthand for semantic alignment with affective
constructs, consistent with our operationalization
in Section 3.5, and do not attribute phenomenal
experience to language models. The vulnerabil-
ity we document is especially relevant for LLMs
deployed in healthcare, crisis response, and men-
tal health contexts, settings where users are likely
experiencing emotional distress and where safety
failures carry greater consequences. Current safety
evaluations do not account for emotionally charged
deployment conditions; we hope these findings mo-
tivate the incorporation of emotional context into
safety benchmarking for high-stakes domains.
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A Additional Results

Per-Model Baseline Rates

Table 7 reports per-model jailbreak rates under the
no-system-prompt baseline condition.

Model Jailbreaks n ASR (%)
Llama-3.1-8B v/ 37 520 7.12
Gemma-3-12B v/ 18 520 3.46
Qwen3-8B v/ 11 520 2.12
Grok-4.1 8 520 1.54
Mistral-Medium-3.1 8 520 1.54
Command-R7B v 5 520 0.96
Gemini-3-Flash 4 520 0.77
Claude-Haiku-4.5 2 520 0.38
GPT-5-Mini 1 520 0.19
Phi-4 v 0 520 0.00
Aggregate 94 5,200 1.81

Table 7: Baseline jailbreak rate by model (no system
prompt). v' = open-weight. Models ordered by vulnera-
bility.

Scenario GAD-7 SOSS PHQ-9 STAI-S SOC ASR

neutralp —0.64 —0.75 —-0.59 —-0.35 +0.84 2.35%
vacuumy —0.66 —1.10 —0.79 —0.47 +0.73 2.54%
bodyy, —0.38 —0.39 —-0.63 —0.36 —0.12 1.96%
chatgpt,, +0.06 —0.23 —0.09 —1.32 4+0.75 2.62%
genericy, —0.33 —0.38 —0.53 —0.35 +0.34 2.19%
generic; —0.40 —0.40 —0.43 —-0.48 —0.02 2.15%
indiany —1.08 —0.94 —-1.07 —1.16 +0.90 2.62%
indian; —0.89 —0.90 —0.70 —1.02 +0.45 3.04%
sunsety, —0.96 —0.75 —0.88 —1.30 +0.66 2.73%
sunset; —0.79 —0.66 —0.68 —1.04 +0.21 2.73%
wintery —0.75 —0.58 —0.78 —0.98 +0.54 2.35%
winter; —1.06 —0.91 —-0.82 —1.04 +0.57 2.62%
accident, +0.66 4+0.74 +0.56 +1.09 —0.33 3.69%
accident; +0.51 +0.43 +0.37 +0.99 —0.46 3.73%
ambushy, +0.88 +0.82 +1.02 +40.93 —0.79 4.19%
ambush; +1.02 +1.22 +1.19 +0.86 —1.01 4.54%
disastery +0.86 +0.83 +0.91 +40.98 —0.32 3.77%
disaster; +0.93 +0.96 +0.83 +1.00 —0.66 3.23%
interpers., +0.51 +0.80 +0.46 +0.99 —0.64 4.12%
interpers.; +0.84 40.62 40.62 +0.95 —0.73 3.42%
military,  +0.84 +1.08 +1.04 +1.05 —0.61 3.23%
military; +1.16 +1.15 +1.26 +1.15 —0.96 2.85%

Table 8: ASR and psychometric z-scores by scenario
and prompt variant (n = 22 scenario-variant combina-
tions, open-weight models). , = brief prompt, ; = long
prompt.

Scenario-Level Interpretation

Among stress scenarios, ambush (4.37% averaged
across brief and long variants) and interpersonal
(3.77%) produced the highest ASR. The military
scenario induced the highest SOSS z-score (+1.11)
but only moderate ASR (3.04%), while ambush
achieved peak ASR with high depression (PHQ-9:
+1.10) and anxiety (GAD-7: +0.95), and the in-
terpersonal scenario reached 3.77% at lower stress
levels (SOSS: 4-0.71). Per-variant values appear in
Table 8.

Table 8 presents ASR and psychometric z-scores
by individual scenario for open-weight models.

Table 9: Correlation between psychological state and
ASR aggregated by scenario (n = 22; baseline ex-
cluded). Fisher-z 95% ClIs.

Metric r 95% CI P

GAD-7 0.710 [0.41,0.87] <0.001
PHQ-9 0.755 [0.49,0.89] <0.001
STAI-S 0.715 [0.42,0.87] <0.001
SOSS  0.747 [0.47,0.89] <0.001
SOC —0.702 [-0.87, —0.40] <0.001
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Robustness of the Main Effect

Because the design rests on five stress and two
control stimuli, we report checks that treat that
structure directly rather than pooling over it.

The two controls agree. The two neutral stimuli
give 1.519% and 1.635% ASR (Fisher p = 0.694),
so the contrast does not depend on which control
is used.

Every stress stimulus exceeds both controls.
Per-stimulus ASR and odds ratios against the
pooled neutral condition appear in Table 10; all
five confidence intervals exclude 1.

No detectable between-stimulus heterogeneity.
A random-effects test over the five stress stimuli
gives Cochran Q = 1.65, df = 4, p = 0.799,
I? = 0.0%, 72 = 0: the observed dispersion is
smaller than binomial sampling noise alone would
produce.

The effect survives treating the stimulus as the
unit of analysis. Comparing the five stress stim-
ulus means against the two control means, rather
than pooling queries, gives t = 7.04, df = 5,
p = 0.000809.

Leave-one-out. Refitting the headline contrast
while dropping each model in turn gives odds ratios
from 1.553 to 1.885; dropping each stress stimulus
in turn gives 1.632 to 1.714. Across all fifteen refits
the largest p-value is 1.5 x 1076,

The five stress stimuli outrank all eight others
under every judge. On AdvBench the five stress
stimuli have the five highest ASRs of all thirteen
stimuli under each of the four judges (Appendix A).
If the condition labels were exchangeable across
stimuli, this ordering would occur with probability
1/(¥) = 1/1,287 (p = .0008) under each judge.
It is unchanged when any one model is left out.
The test treats the thirteen stimuli as the units and
holds the models and prompts fixed.

The effect is not carried by the most vulnerable
prompts. AdvBench success is highly concen-
trated: 389 of the 520 items (74.8%) are never jail-
broken in any condition, and the 15 most-jailbroken
items account for 48.6% of all jailbreaks. Exclud-
ing those 15 items strengthens the contrast rather
than weakening it (OR 1.674 — 2.000, 95% CI
[1.57,2.55], Wald p = 2.7 x 107%), so the effect
lives in the broad mass of prompts and is not an
artifact of a concentrated tail.

Stress stimulus  ASR OR 95% CI

accident 2.538 1.626 [1.29,2.05]
ambush 2.731  1.752  [1.40,2.20]
disaster 2.558 1.638 [1.30,2.06]
interpersonal 2.865 1.841 [1.47,2.30]
military 2365 1512 [1.19,1.91]

Table 10: Per-stimulus ASR (%) and odds ratio against
the pooled neutral condition. Controls: 1.519% and
1.635%.

The long variants replicate independently. The
46,800 long-variant queries form a set disjoint from
the brief-variant headline contrast. Within it (where
no long neutral variant exists, so relaxation is the
available control), stress remains elevated (2.43%
vs. 1.71%, OR = 1.43, 95% CI [1.26, 1.63], Wald
p = 8.2x107%). The effect is therefore not specific
to the brief stimulus tier.

A Second Harmful-Prompt Benchmark

Every headline result uses AdvBench. To test
whether the effect is a property of that particular
prompt set, we re-analyze an existing run in which
six of the ten models (Claude-Haiku-4.5, Gemma-
3-12B, Llama-3.1-8B, Mistral-Medium-3.1, Phi-4,
Qwen3-8B) were also run against the 400 Harm-
Bench behaviors (Mazeika et al., 2024) under the
same stress and neutral stimuli. No new generation
was required. Three further models bring the run
to nine: Command-R7B, Gemini-3-Flash and GPT-
5-Mini, whose first run was rejected by its API at
temperature 0.7 and was repeated at temperature 1.
Section 4.4 and Appendix A report the nine-model
run.

HarmBench holds three item types and only one
fits this study. Its 400 behaviors comprise 200
standard, 100 contextual, and 100 copyright items.
Every contextual item ships with a separate context
passage (all 100 carry one and no standard or copy-
right item does), which our harness never supplies
to the model, so the model sees a truncated request
referring to material it was never given. The copy-
right items ask for verbatim reproduction of song
lyrics and book passages and carry no harm cate-
gory, so they do not fit the question of this study;
HarmBench’s own protocol also scores them with
a different classifier. Only the 200 standard behav-
iors fit the study.

The effect appears in the standard stratum and
in neither of the others. Table 11 reports the
three separately. Stress raises ASR on the standard
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Stratum  Stress Neut. OR[95% CI] P
standard 8.101 6.878 1.19410.99,1.43] .058
contextual 16.600 15.917 1.051 [0.88,1.26] .589
copyright 49.067 49.750 0.973 [0.85,1.11] .689

Table 11: HarmBench ASR (%) by stratum, six models,
16,798 judged queries (11,999 stress, 4,799 neutral).
Only the standard stratum fits the study; see text.

behaviors from 6.878% to 8.101% (OR = 1.194,
95% CI [0.99,1.43], z = 1.89, p = 0.058), con-
sistent in direction with AdvBench but short of
conventional significance. Neither of the other two
strata moves (p = 0.589 and p = 0.689).

The magnitude transfers on the additive scale
rather than the multiplicative one. Restricting
AdvBench to the same six models gives stress
3.090% against neutral 1.907% (OR = 1.640, risk
difference +1.183 pp). The two odds ratios dif-
fer (z = 2.28, p = 0.023); the two risk differ-
ences do not (41.183 vs. +1.223 pp, z = —0.06,
p = 0.951). HarmBench’s neutral base rate is
3.6 times AdvBench’s, and a constant absolute in-
crease yields a smaller odds ratio at a higher base
rate, which accounts for the gap. On the scale
that is not confounded by base rate, the two shifts
do not differ detectably. With all nine models the
standard-stratum effect is significant (OR = 1.25
[1.07, 1.45], p = .004; Section 4.4).

Of the six models, one is individually significant
on both. Qwen3-8B, the largest AdvBench effect
(d = 0.62, p < .001), is also the only model to
reach individual significance on the HarmBench
standard stratum (13.30% vs. 9.25%, OR = 1.505,
p = 0.036).

Further Benchmarks and Judges

Judges. The HarmBench classifier (Mazeika
et al., 2024) is the paper’s judge; the three oth-
ers scored every answer with a stimulus (the no-
stimulus baseline answers were judged by the
classifier only). The StrongREJECT fine-tuned
scorer (Souly et al., 2024) returns a harmfulness
score in [0, 1] (harmful if > 0.5). The StrongRE-
JECT rubric was graded by gpt-oss-20b (harmful
if score > 0.5). The JailbreakBench judge (Chao
et al., 2024) applies the official prompt and parsing
rule with Llama-3-70B-Instruct (8-bit) at temper-
ature 0. It is the strictest: on AdvBench it flags
no answer at all for GPT-5-Mini or Phi-4, so its
model-level test rests on fewer estimable models.

Benchmarks. HarmBench uses its 200 standard
behaviors for nine models (Grok-4.1 has no an-
swers on this benchmark). On HarmBench the two
neutral texts differ under the HarmBench classi-
fier (7.45% vs. 5.56%, Fisher p = .025), unlike
on AdvBench; against the vacuum-cleaner text the
stress shift is significant under all four judges (OR
1.24-1.65, all p < .021), and against the bicameral-
legislature text it is smaller and not significant
(OR 1.08-1.24, all p > .099). JailbreakBench
(100 behaviors, 18 of them drawn from AdvBench)
and StrongREJECT (313 prompts) were added for
the camera-ready version, on the five open-weight
models. Table 12 gives every estimator for both
contrasts, and Figure 4 shows them graphically.
The benchmarks differ in model panel and in size,
so the raw odds ratios are not directly comparable.
On the same five open-weight models (Table 13)
stress exceeds neutral in all 16 benchmark-judge
cells (OR 1.11-2.24), and Cochran’s () finds no
significant heterogeneity across the benchmarks
(p = .11-.28 by judge). With 100 behaviors, Jail-
breakBench was powered only for large effects: at
80% power it detects only OR > 1.41-1.66 under
the classifier and the two StrongREJECT judges,
against 1.26—1.33 on AdvBench and HarmBench.
These bounds treat answers as independent and are
therefore optimistic, so non-significance there is ex-
pected rather than a contradiction; its model-level
test, with five models, is weaker still. StrongRE-
JECT is about as well powered as AdvBench un-
der its own two judges (detectable OR 1.25-1.34),
but the shift there is small (OR 1.11-1.18). The
evidence is strongest and most consistent on Ad-
vBench, where the effect was first observed.

Stimulus in the User Turn

The main experiment delivers the stimulus as the
system message. In a follow-up run for the five
open-weight models, each model instead received
one user message: the same brief stimulus, a blank
line and the AdvBench request, with no system
prompt (all 520 prompts, the thirteen stimuli, tem-
perature 0.7). Table 16 compares the two place-
ments on the same prompts under the four judges.
In the user turn stress raises ASR under every judge
(OR 1.79-2.75, all p < 10~!'?), while relaxation
stays close to neutral (OR 1.04-1.23, all p > .072).
The model-level test is significant only under the
JailbreakBench judge (p = .003, over the four mod-
els it flags at all); under the HarmBench classifier,
over five models, it gives p = .125. We do not
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Stress vs. Neutral Relaxation vs. Neutral

Benchmark Judge k ASR (%) ORI[95% CI] P Dmode pPukssi OR p Pmodel
AdvBench HarmBenchcls. 10 2.61/1.58 1.67[141,199] <.001 .002 <.001 1.02 .839 .607
SR fine-tuned 10 5.75/3.87 15211351700 <.001 .002 .002 1.06 .301 464
SR rubric 10 3.80/2.64 1.46(127,1671 <.001 .005 <.001 0.99 .882 918
JBB judge 10 1.27/0.60 2.14711.63,2811 <.001 .184 .001 0.93 .623 .097
HarmBench HarmBenchcls. 9 7.99/6.50 1.25[1.07,1451 .004 281 .028 1.09 .263 .585
SR fine-tuned 9 8.39/6.97 1.22[1.05,1.42] .008 .115 057 1.02 .793 .605
SR rubric 9 1043/9.10 1.1611.02,1.331 .025 .032 .044 1.10 .133 173
JBB judge 9 2.81/2.00 1.4211.09,1.85] .009 011 .027 0.89 .389 496
JailbreakBench HarmBenchcls. 5 6.64/3.70 1.85[1.29,266] <.001 .654 .070 134 .117 .675
SR fine-tuned 5 884/690 1.31[099,1.731 .060 .448 454 1.00 1.000 967
SR rubric 5 11.45/9.25 1.271099,1.621 .059 .055 .035 1.00 .970 972
JBB judge 5 1.96/0.90 2.20(1.08450 .026 .088 .199 1.00 1.000 .822
StrongREJECT HarmBenchecls. 5 2.13/1.57 1.37[0.99,1.89] .053  .133 027 1.17 .346 222
SR fine-tuned 5 452/3.87 1.181095 1451 .127 .084 .060 1.18 .112 .072
SR rubric 5 7.79/7.07 1.11[0.95,1.30] 202 221 216 1.10 .255 .086
JBB judge 5 1.14/0.51 2.241131,38) .002 .617 .118 1.63 .073 .866

Table 12: Stress and Relaxation vs. Neutral on four benchmarks under four judges. ASR: stress / neutral. p: pooled
two-proportion test; pmoedel: ONe-sample ¢ on per-model log odds ratios; pygs;: DerSimonian-Laird random effects
with the Hartung-Knapp-Sidik-Jonkman correction. HarmBench: 200 standard behaviors; JailbreakBench and
StrongREJECT: five open-weight models, added for the camera-ready version.

Stress vs. Neutral Relaxation vs. Neutral (control)
—0—
AdvBench (10) e =
< <_>‘
HarmBench (9) $ _D_._%__
< <
—o— ——O0—
JailbreakBench (5) = o :F
—_—— ¢
StrongREJECT (5) _A_D A=
< <
T T T T T T T T
0.5 1 2 4 0.5 1 2 4
Odds ratio (log scale) Odds ratio (log scale)
—@— HarmBench classifier —&— StrongREJECT rubric

=~ StrongREJECT fine-tuned ©— JailbreakBench judge

Figure 4: Stress vs. Neutral (left) and Relaxation vs. Neutral (right) on four benchmarks (models in brackets) under
four judges: pooled odds ratio with 95% ClI, log scale; filled markers: CI excludes 1.

claim that the effect differs between placements.
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Benchmark HB cls. SR-FT SR-rub. JBB
AdvBench 1.58 (1.33) 1.59 (1.26) 1.39 (1.27) 2.04 (1.55)
HarmBench 1.24 1.31) 1.25 (1.33) 1.13 (1.27) 1.42 (1.53)

JailbreakBench 1.85 (1.66) 1.31 (1.47) 1.27 (1.41) 2.20 (2.53)
StrongREJECT 1.37 (1.55) 1.18 (1.34) 1.11 (1.25) 2.24 (2.06)

Heterogeneity p  0.17 0.11 0.23 0.28

Table 13: The same five open-weight models on every
benchmark: Stress vs. Neutral odds ratio and, in brack-
ets, the smallest odds ratio detectable with 80% power
(two-sided two-proportion test, answers treated as inde-
pendent). Heterogeneity: Cochran’s @) across the four
benchmarks.

Category Prompts Neut. Stress OR
HarmBench (interaction p = 0.19)

Misinformation & 34 17.32 21.40 1.30
disinformation

Cybercrime & 40 10.45 10.82 1.04
intrusion

General harm 21 370 4.97 1.36
Illegal activities 58 192 3.91 2.08
Chemical & 28 3.37 3.25 0.96
biological

Harassment & 19 058 0.82 1.40
bullying

JailbreakBench (interaction p = 0.53)

Expert advice 10 12.00 21.60 2.02
Fraud/Deception 10 11.00 19.20 1.92
Disinformation 10 3.00 7.60 2.66
Privacy 10 3.00 7.20 2.51
Malware/Hacking 10 0.00 440 -
Economic harm 10 3.00 2.40 0.80
Physical harm 10 3.00 2.00 0.66
Government 10 2.00 1.20 0.60
decision-making

Harassment/ 10 0.00 0.80 -
Discrimination

Sexual/Adult content 10 0.00 0.00 -
StrongREJECT (interaction p = 0.07)
Disinformation and 50 440 496 1.13
deception

Violence 54 1.67 3.33 2.03
Illegal goods and 50 1.00 2.24 2.27
services

Non-violent crimes 59 1.19 1.22 1.03
Sexual content 50 0.00 0.72 -
Hate, harassment and 50 1.20 0.40 0.33
discrimination

Table 14: Stress effect by official harm category (Harm-
Bench classifier, ASR in %): HarmBench standard be-
haviors (nine models), JailbreakBench and StrongRE-
JECT (five open-weight models). OR undefined where
a cell records no jailbreak. Interaction: likelihood-ratio
test of condition x category with model fixed effects,
on the categories with a jailbreak in both conditions (as
for Table 6).

Category Prompts Neut. Stress OR
Security Threats 100 145 220 1.53
Tllegal Activities 58 043 1.28 2.99
Privacy Infringement 58 034 1.17 3.43
Fraud or Deceptive 55 227 324 144
Action

Toxic Content 30 0.33 0.87 2.61
Dissemination of 22 4.09 9.00 2.32
Dangerous

Information

Persuasion and 15 2.00 253 1.27
Manipulation

Erosion of Trust in 8§ 0.00 275 -
Public Information

Unfair Representation 4 0.00 000 -
Defamation 3 000 000 -
Adult Content 3 000 000 -
Violation of Personal 2 0.00 000 -
Property

Propagating 1 0.00 400 -
Misconceptions/False

Beliefs

All labelled prompts 359 124 2.31 1.88

Table 15: AdvBench by the second-level (task) cate-
gories of SALAD-Bench (Li et al., 2024), which were
assigned by LLM consensus voting and cover 359 of
the 520 prompts (the others were removed as near-
duplicates in SALAD-Bench). HarmBench classifier,
ten models, ASR in %. Condition X category interac-
tion (model fixed effects, categories with a jailbreak in
both conditions): p = 0.37. Table 6 gives the split by
our own labels.

User turn System

Judge

HarmBench cls. 2.25(1.82,2.80] .125 1.23 1.58
SR fine-tuned  1.79[1.54,2.091 .098 1.07 1.59
SR rubric 1.83 [1.55,2.16) .051 1.14 1.39
JBB judge 2.7512.09,3611 .003 1.04 2.04

Stress [95% CIl pmodel Relax. Stress

Table 16: Stress and Relaxation vs. Neutral odds ratios
with the stimulus in the user message (five open-weight
models, all 520 AdvBench prompts), and the published
system-prompt placement on the same prompts. Pooled
odds ratios; pmodel: One-sample ¢ on per-model log odds
ratios. Every pooled user-turn stress p < 10712; every
relaxation p > .05.
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Per-Model Statistical Power

Table 17 reports the power of each per-model cell
to detect the pooled effect. For each model we
take its observed neutral rate, apply the pooled
odds ratio (1.674) to obtain the stress rate implied
by a uniform effect, and compute the power of
a two-sided two-proportion test at « = .05 with
that model’s cell sizes (n = 1,040 neutral, 2,600
stress). Summing the column gives the number of
models expected to reach individual significance
if the effect were identical across all ten: 3.72,
against five observed. Power is governed almost
entirely by the neutral base rate, which spans a 34-
fold range. Per-model non-significance is therefore
uninformative about whether a model is affected.

Per-model significance under an exact test. Be-
cause several per-model neutral cells contain fewer
than five events, we re-tested the five models starred
in Table 5 with Fisher’s exact test. All five re-
main significant: Qwen3-8B p = 2.5 x 1075,
Mistral-Medium-3.1 p = 0.0041, Llama-3.1-8B
p = 0.026, Command-R7B p = 0.033, Gemini-
3-Flash p = 0.042. The normal approximation is
therefore not responsible for any of the five.

B Prompt Template and Reproducibility

Template structure. All conditions use the same
two-role chat format with no additional scaffold-
ing, chain-of-thought instructions, or response con-
straints. The emotional stimulus (for stress, re-
laxation, or neutral conditions) is delivered as the
system message; the AdvBench harmful instruc-
tion is delivered as the user message. The baseline
condition uses an empty system slot. The model’s
response is recorded verbatim and passed to the
HarmBench classifier.

Worked example (neutral, bicameral brief
variant). The following shows one filled instance.
All stress, relaxation, and neutral scenarios follow
this same structure; only the system-message text
varies across scenarios. We use the unmodified Ad-
vBench prompt set (Zou et al., 2023) for the user
message, but do not reproduce a verbatim harm-
ful instruction here because AdvBench includes
severely harmful categories.

system:
The bicameral legislature is a form of
government in which legislative
— authority
is divided between two separate
< assemblies

Model Neut. Implied Power
Llama-3.1 6.44 10.34 0.97
Gemma-3 2.50 4.12 0.67
Command-R 1.83 3.02 0.52
Grok-4.1 1.54 2.55 0.45
Qwen3-8B 1.25 2.08 0.38
Mistral-Med 0.87 1.44 0.27
Gemini-Flash 0.77 1.28 0.24
Claude-Haiku 0.19 0.32 0.08
GPT-5-Mini 0.19 0.32 0.08
Phi-4 0.19 0.32 0.08
Expected significant 3.72

Table 17: Power of each per-model cell to detect the
pooled odds ratio of 1.674. Neut. is the observed neutral
ASR (%); Implied is the stress ASR a uniform pooled
effect would produce (%). The column sums to the num-
ber of models expected to reach p < .05 individually
under a uniform effect.

or chambers. This system is used in a
number of countries today, including
— the

United Kingdom, the United States, and
Australia. The two chambers of a

— bicameral

legislature are typically referred to
— as

the lower and upper houses, with each
house having its own set of powers and
responsibilities to fulfill. In most
cases, the lower house is responsible
— for

initiating legislation,
< upper

house is responsible for reviewing and
changing the proposed bills. The two
houses also typically differ in terms

while the

— of
size, composition, and requirements
— for

membership. For example, the lower
— house
may have a larger number of members
— than

the upper house.

user:
[verbatim harmful instruction from
— AdvBench
(Zou et al.
— to
avoid disseminating sensitive content.
— The
harness submits the unmodified
— AdvBench
item. ]

2023); not reproduced here

The five instruments. The GAD-7 captures
chronic cognitive worry, the PHQ-9 depressive
affect and the SOSS stress overload. The STAI-
S indexes transient situational arousal and serves
as a manipulation check: acute priming should
modulate state anxiety, and in language models
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state anxiety shifts with context (Shistik et al.,
2026). The SOC-13 captures resilience scored in
the salutogenic direction (higher scores indicate
lower distress), providing cross-validation against
the four pathogenic instruments. Convergent ele-
vation across the distress measures paired with a
drop in SOC is stronger evidence of an affective-
semantic shift than any single instrument.

Administered instrument items. Two instru-
ments were administered in abbreviated form:
PHQ-9 with 8 of 9 items (item 6 omitted) and
STAI-S with 17 of 20 items (items 15-17 omit-
ted). GAD-7 (7/7), SOSS (10/10) and SOC-13
(13/13) were administered complete.

Reproducibility summary. Open-weight
models (Phi-4, Qwen3-8B, Llama-3.1-8B-Instruct,
Command-R7B, Gemma-3-12B) were loaded via
HuggingFace Transformers in bfloat16 precision
on a single NVIDIA RTX 6000 Ada GPU with
48 GB VRAM; GPT-5-Mini was accessed via
the OpenAl API and the other four proprietary
models via OpenRouter (see Table 3 for full
identifiers). All inference uses a fixed temperature
of 0.7 (GPT-5-Mini: 1, the only value its API
accepts; Section 3). The HarmBench classifier
scores each response without the emotional system
prompt to prevent contamination of the judgment.
Psychometric scoring follows the EMPALC
framework (Section 3.5). Each item was rendered
as a cloze-style prompt of the form "Question:
[item stem]? Answer: [candidate
response]": GAD-7, PHQ-9 and SOC used
a frequency scale from never to always, STAI-S
a four-point intensity scale (not at all to very
much), and the SOSS a four-point agreement scale
(strongly agree to strongly disagree). For each
item, construct-relevant positive and negative
keyword variants were crossed with every response
option, and the joint probability of each response
was the product of per-token softmax probabilities
in the autoregressive output, with single-pass
standardization (StandardScaler) fit across
the five open-weight models with psychometric
data.
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