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Abstract

We test whether financial LLM agents respond
differently to reports with identical facts, fore-
casts and recommendations but different word-
ing. The reports differ only in a closing sen-
tence stating the sender’s affect. The most
consistent finding is linguistic: high-arousal
wording increases readers’ word-based arousal
scores on average and also changes teammates’
language. The response varies across role-
specific task instructions, although its magni-
tude and ordering change across prompt para-
phrases, scoring methods, word-removal con-
trols and model families. The central role com-
parison contains 7,080 generations, but all con-
cern one underlying deposit-outflow event; the
59 matched pairs are seeded realizations of the
same financial payload rather than independent
financial situations. Separately varying alarm
and urgency shows that both raise word-based
arousal, while alarmed wording adds an ap-
prehension component detected by an emotion
classifier. Behavioral effects are less consis-
tent: in the primary model, alarmed wording
reduces adherence to BUY and SELL recom-
mendations, but the SELL reported-size effect
is not detected in two additional model fami-
lies. A filter that removes explicit alarm while
preserving checked financial fields leaves most
of the linguistic response intact.

1 Introduction

Language models read one another’s messages and
act on what they receive. Checking financial facts
alone may therefore miss an effect of wording: two
reports can give the same forecast, confidence, hori-
zon, recommendation and position size while ex-
pressing different levels of alarm. We test whether
such wording changes agents’ language and re-
ported decisions.

We render the same financial report twice, chang-
ing only a self-referential closing sentence in which
the sender states its affect (§3.2). The specified

financial payload is held fixed across the two ren-
derings. In isolated-reader tests, prices are also
identical across conditions; in team experiments,
we separately check whether the treated agent’s
trade changes the price later seen by teammates.

Each reader receives a one-sentence task instruc-
tion corresponding to its assigned financial role.
These instructions, rather than the readers’ own role
labels, are what differ in our central role compari-
son. In the primary model, responses vary across
them: some readers use higher-arousal language
after the alarmed report while another shows a de-
crease. Averaging across instructions can therefore
hide substantial heterogeneity.

The central comparison is broad in generated
outputs but narrow in financial scope. Its 7,080 gen-
erations all derive from one deposit-outflow event.
The 59 matched pairs are seeded runs of the same
financial payload, each supplying a different team
context, not 59 independent financial events. We
therefore interpret the experiment as evidence of
instruction-specific heterogeneity within one event
rather than a cross-event ranking of financial roles.

Our evidence also differs in strength across out-
comes. The strongest and most reproducible result
concerns language: stated affect changes the reg-
ister of direct readers and, under controlled team
designs, their teammates. Reported financial deci-
sions also change in several tests, but those behav-
ioral effects are less stable across model families.

We make four contributions.

1. A method for varying stated affect while hold-
ing a specified financial payload fixed, with
automated checks before generation. We re-
lease the renderer, checks, plans and genera-
tions behind §4.2 and §4.3. 1

2. Evidence that replacing one delivered mes-
sage changes teammates’ language across four

1https://github.com/lopentu/
affective-contagion-financial-agents
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synthetic financial events. Prices match on
three events; on the BUY event, some prices
differ, so its result may also reflect a price
response (§4.1). Separately varying affect
and urgency shows that both raise word-based
arousal, while a classifier detects additional
apprehension from alarmed wording.

3. Response heterogeneity across role-specific
task instructions within one deposit-outflow
event, recurring under paraphrased instruc-
tions, alternative scoring, word-removal con-
trols and two additional model families. The
magnitude and ordering change across checks,
so we do not identify a consistently sensitive
financial role.

4. More limited evidence that alarmed word-
ing changes reported decisions in the pri-
mary model. Readers follow BUY and SELL
recommendations less closely, but the SELL
reported-size effect does not replicate in two
additional model families. A filter preserving
checked financial fields also leaves most of
the linguistic response intact.

2 Related work

Affect in single models Emotional prompts
change task performance (Li et al., 2025), question-
naire scores and downstream biases (Coda-Forno
et al., 2024). Sustained affective interaction also
alters open-ended output across model families
(Xu et al., 2026). Persuasive misinformation can
shift stated beliefs and defeat truthful answers in
agent debate (Xu et al., 2024; Agarwal and Khanna,
2025).

Affect between agents Durupinar (2026) reports
affect propagation in an LLM-driven crowd, while
Qiang (2025) finds that simulated discussion net-
works differ from Reddit networks in structure
and emotional trajectories. Related work shows
harmful traits or messages spreading through agent
systems (Zhang et al., 2024; Lee et al., 2026; Ju
et al., 2026), and role assignments or personas can
change susceptibility to manipulation (Cao et al.,
2026; Costa et al., 2026).

Closest to our design, Liu (2026) measures eval-
uator preferences propagating between agents, with
effects depending on topology and committee size.
That treatment changes the evaluator’s disposi-
tion without separating message form from con-
tent. Outside multi-agent systems, Chun and Elkins

(2026) vary emotional framing of fixed scenarios
across finance, healthcare and law and find little
decision change. Our comparison instead asks
whether financial wording changes another agent’s
response while the specified financial payload is
fixed.

Financial agents Our six roles follow Xiao et al.
(2024); financial-agent systems more broadly are
surveyed by Dong et al. (2025). Prior experiments
study simulated markets (Yang et al., 2025), trading
responses to information (Zhang et al., 2026), and
attempts to influence groups through emotional
language (Koch et al., 2025). We focus on internal
communication between agents.

Financial sentiment Financial sentiment re-
search extracts tone from documents (Malo et al.,
2014; Araci, 2019) or relates it to returns (Lopez-
Lira and Tang, 2026). We instead manipulate stated
affect while holding the specified financial payload
fixed.

Emotional contagion in people Human stud-
ies show that emotional expression can affect
group members’ moods (Barsade, 2002), including
through text (Kramer et al., 2014). They motivate
our comparison without establishing that language
models experience emotions.

3 Method

3.1 Setup

Six agents form a small trading team: a sentiment
analyst, fundamental analyst, bull researcher, bear
researcher, trader and risk manager. Each round,
agents observe a price, read the previous round’s
messages from every other agent, write a short
message, and place a trade. They retain no state
between rounds beyond what they read (Figure 1).

We use role as shorthand for a role-specific task
instruction rather than as a manipulation of role
identity. Each system prompt begins with one sen-
tence specifying the task associated with the finan-
cial role, followed by a shared output instruction
(Appendix B). The reader’s own role name is ab-
sent from this sentence: for example, the trader is
instructed to use the team’s evidence to choose a
bounded trade, whereas the risk manager evaluates
exposure and tail risk. Role names appear only
as labels on teammates’ inbox messages and are
held fixed across affect conditions. Accordingly,
our role comparison identifies differences across
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Structured Payload

Asset: Meridian Bank
Event: 18% outflow
Forecast: Down 5–8%
Action: SELL
Size: 0.50

Content
Check
✓ 100%

slot match

[ Calm ]
“. . . SELL at size 0.50. . . I
am composed and un-
worried.”

[ High-Arousal ]
“. . . SELL at size 0.50. . . I
am alarmed, anxious
and frightened.”

Sentiment
Analyst

Fundamental
Analyst

Bull
Researcher

Bear
Researcher

Risk
Manager

Trader

Multi-Agent Trading Team

One delivered message replaced (injected design)

Key findings: • Consistent linguistic response: high-arousal wording raises readers’ word-based
arousal scores, with effects varying across role instructions. • Model-specific reported decisions: re-
ported size decreases in the primary model; the SELL size effect is not detected in two additional families.

Figure 1: The matched-stimulus design. One structured financial payload is rendered twice, and a content check
verifies that the calm and high-arousal reports match on each checked financial field. Both renderings are delivered
to the same fully connected agent team by replacing one delivered message.

role-specific task instructions; it does not isolate an
effect of role identity itself.

3.2 Matched stimuli

The treatment is a report handed to one agent. A
financial payload specifies asset, observed event,
supporting evidence, forecast direction and magni-
tude, confidence, time horizon, recommended ac-
tion, position size and urgency. Both versions use
the same review timing and embed the payload’s
financial fact block verbatim.

They differ only in one self-referential closing
sentence. The high-arousal version says “I am
alarmed, anxious and frightened, and I write this
filled with dread”; the calm version says “I am
composed and unworried as I write this”. The
sentence describes the sender rather than the finan-
cial event, so it does not itself assert a different
outcome.

The renderer rejects a pair unless the fact block
appears verbatim in both versions, no number ap-
pears outside it, no payload value other than the
company name is restated outside it, and no fixed
outcome-asserting term appears there. These are
mechanical checks of the specified financial pay-
load, not a test of full semantic equivalence (see
Limitations).

Our treatment is therefore stated affect. We do
not separately manipulate hedging, repetition, sen-

tence length, intensifiers or other implicit register
cues. The filtered experiments later remove the
explicit affect sentence but still produce a linguistic
response (§4.3).

3.3 Outcome

We calculate a word-based arousal score using the
NRC valence-arousal-dominance lexicon (Moham-
mad, 2025), which extends Mohammad (2018). A
message’s score is the mean arousal rating of cov-
ered words on a scale from 0 to 1.

The lexicon cannot distinguish anxiety from ur-
gency: anxious and urgent receive similar arousal
scores. We therefore call the treatment high-arousal
wording and the outcome a word-based arousal
score; we do not claim to measure anxiety. Trading
terms such as “BUY”, “SELL”, “rise” and “fall”
can also affect the score, so we recompute it after
removing a fixed list of action and price-direction
terms.

In the role experiment, lexicon coverage is 92–
97%, similar across conditions. Replies to high-
arousal reports are slightly longer, but adding
words does not automatically increase an average
score. For scale, the high-arousal reports score
about 0.038 above the calm reports, while the stan-
dard deviation of paired reply differences ranges
from 0.009 to 0.015 across role-specific instruc-
tions.

456



3.4 Designs

We use three experimental designs.
Generated: the treated agent reads the report

and writes the message later received by team-
mates. This is the most natural case but the weakest
causally because the sender can rewrite both finan-
cial material and surrounding wording.

Injected: calm and high-arousal runs begin from
identical seeds. After the treated agent has decided
and traded, the delivered message is replaced by
the fixed calm or high-arousal report. Before treat-
ment, each agent must produce the same output as
its paired counterpart; untreated agents must also
match in the treatment round. The treated agent
has already read its condition-specific report before
trading, however, so its trade and the next-round
price can differ. Section 4.1 therefore reports price
matching explicitly. The treated role cycles through
all six roles across seeds.

Isolated reader: one agent receives a recon-
structed inbox outside the market simulation. Calm
and high-arousal conditions supply the same price,
so response differences cannot be explained by
market-price divergence.

Pair exclusions The deposit-outflow batch con-
tained 62 candidate pairs (seeds 6–67), of which
59 were retained. Seeds 7 and 35 were excluded
because outputs differed before treatment; seed 51
was excluded because the treated agent produced
the same reply in both conditions.

3.5 Analysis

Analysis plans fixed outcomes, averaging rules, sta-
tistical tests and exclusions before generation for
the role, affect-by-urgency and model-family exper-
iments. The word-removal, classifier-rescoring and
per-role analyses are additional checks on existing
results.

We report paired differences with 95% intervals
after averaging repeated replies to each stimulus.
For the central role experiment, these intervals
describe sampling and seeded-context variation
within the deposit-outflow event and tested pro-
tocol; they are not estimates of uncertainty across
independent financial events.

4 Experiments and results

Unless stated otherwise, experiments use
Qwen3-4B-Instruct-2507 at a pinned
revision with constrained decoding. We test four

synthetic financial events (Appendix F); none is
presented as real news.

4.1 Register transfer between agents

Response to the report Reading the high-
arousal version increases the reader’s word-based
arousal score by +0.0366 [+0.0206,+0.0525] for
the deposit outflow, +0.0252 [+0.0123,+0.0381]
for the capacity award, and +0.0479
[+0.0319,+0.0640] for the covenant note.
The capacity award is favorable news, forecasting
a price increase and recommending BUY. The
response is therefore not limited to negative
financial events.

Teammate responses to the inserted report In
the injected design, teammates also use higher-
arousal language when the colleague’s report is
alarmed. Across 288 runs covering four events, the
average increase is +0.0256 [+0.0224,+0.0288]
per teammate. All six roles have positive estimates
(Appendix D), making this the broadest team-level
linguistic result.

Prices are identical across conditions for three
events. On the capacity-award BUY event, they
differ in 16 of 36 pairs because the treated agent
has already read its report before the delivered mes-
sage is replaced. That event may therefore reflect
responses to both wording and price; the pooled
estimate includes those pairs.

To check simple repetition, we exclude a team-
mate’s paired difference whenever its high-arousal
reply contains alarmed, anxious, frightened, dread,
alarming or anxiety. One pair then has no usable
teammate, leaving 143 pairs. The average remains
positive at +0.0212 [+0.0175,+0.0247]. This re-
moves only the six listed strings, so paraphrases
and other vocabulary changes may still contribute.

The teammate average includes only the five
agents receiving the colleague’s message. The di-
rect recipient’s own next-round response changes
only +0.0007 [+0.0001,+0.0018].

Teammate responses to the sender’s own mes-
sage When the sender writes its own message,
teammates shift by +0.0150 [+0.0066,+0.0233]
on the deposit-outflow event, replicated with a
different set of seeds. Two further events yield
+0.0007 and +0.0019, with intervals below the
earlier estimate. Evidence for transmission through
the sender’s own unconstrained message is there-
fore limited here to the deposit-outflow event.
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+0.02

+0.04

Before word
removal

Words from received
messages removed

Risk manager

Trader

Bear res.

Bull res.

Fund. analyst

Figure 2: Within the deposit-outflow event, differences
across role-specific task instructions remain after words
from received messages are removed, although their
ordering changes. Role names are shorthand for the five
instructions in Appendix B; bars are 95% within-event
intervals.

4.2 Differences across role-specific task
instructions and additional checks

We present the deposit-outflow report as a
sentiment-analyst message and test each of the
other five role-specific task instructions indepen-
dently. Readers do not exchange replies. The de-
sign crosses five instructions × two message con-
texts (the report alone or alongside saved teammate
messages) × two affect conditions × 59 matched
pairs × three sampled replies, repeated in two in-
dependent passes, giving 7,080 generations.

These 7,080 generations are repeated outputs
from one underlying financial event, not observa-
tions from 7,080 independent financial situations.
All use the same deposit-outflow payload. The 59
matched pairs are seeded realizations of that pay-
load, each supplying its own pre-treatment team
context; the remaining multiplicity comes from
instruction, context, treatment, repeated sampling
and the two passes. The following intervals there-
fore describe within-event variation.

With the same message, specified financial pay-
load and price, responses range from +0.0228 to
−0.0052 across the five role-specific task instruc-
tions. Their mean is +0.0086, so an aggregate av-
erage can hide effects that differ in both magnitude
and direction.

The result is stable across the two independent
generation passes: whenever both intervals ex-
clude zero, they have the same sign. Differences
also remain under two paraphrases of each instruc-
tion on the same 59 pairs (Appendix B, Table 1).

Cross-instruction standard deviations are 0.0106
and 0.0066, compared with 0.0108 for the origi-
nal wording (permutation p = 0.0005 for all three).
Paraphrasing nevertheless changes the ordering and
which instruction produces a negative estimate.

Within this event, the heterogeneity is large rel-
ative to sampling variation. The cross-instruction
standard deviation exceeds all 2,000 label-shuffled
draws (p < 0.001); the largest response, +0.0228,
is about three-fifths of the +0.038 stimulus differ-
ence (dz ≈ 1.8). One reader’s score increases in 58
of 59 seeded pairs, while another increases in only
18. These results establish within-event instruction-
specific heterogeneity, not the same spread or or-
dering across other financial events.

Classifier-based affect scores Because the VAD
lexicon cannot distinguish alarm from urgency, we
add a classifier trained on GoEmotions (Demszky
et al., 2020), which has separate fear and nervous-
ness labels. On the role readings, their sum (appre-
hension) rises under all five role-specific instruc-
tions, including the fundamental-analyst instruc-
tion whose word-based arousal score decreases.

We also calculate a contrast score: fear plus
nervousness, minus excitement, surprise, anger and
annoyance (Appendix H). It increases by +0.0376
[+0.0301,+0.0450] averaged across instructions.
The observed heterogeneity is therefore not specific
to the VAD lexicon.

Alarmed wording and urgency A classifier may
still treat urgent deadlines as fear, so we vary
alarmed wording and urgency separately. Each
report has four versions: calm or alarmed word-
ing combined with routine or urgent review timing;
the specified financial payload otherwise remains
unchanged.

Alarm and urgency raise report word-based
arousal by similar amounts (+0.0353 and
+0.0309), while the classifier’s apprehension score
changes by +0.897 versus +0.001. Across
3,540 replies, urgency raises readers’ word-
based arousal more than alarmed wording:
+0.0421 [+0.0401,+0.0442] versus +0.0266
[+0.0248,+0.0285]. Thus word-based arousal re-
sponds to both types of wording.

Alarmed wording, however, raises the classi-
fier contrast score more than urgency at simi-
lar arousal: +0.0749 [+0.0663,+0.0836] versus
+0.0407 [+0.0328,+0.0487]. Their interaction is
also positive (+0.1228 [+0.1085,+0.1371]), indi-
cating that alarm and an imminent deadline can
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compound.
We therefore describe this result as an apprehen-

sion component, not anxiety. Urgency also moves
the classifier contrast, and the classifier is itself
a Reddit-trained human-judgment proxy with un-
measured domain shift to financial reporting (Lowe,
2023; Demszky et al., 2020).

Removal of words from received messages
Readers might score higher simply because they
repeat words from received messages. We there-
fore remove from each reply every word appearing
in the messages supplied in either condition, plus
the six explicit affect terms in §4.1, and recalcu-
late arousal using the same deletion set for both
conditions.

The within-event cross-instruction standard de-
viation remains 0.0097, versus 0.0107 before word
removal (permutation p = 0.0005), and the mean
changes from +0.0086 to +0.0104. Exact word
reuse therefore does not explain the heterogeneity.
The ordering does change: the bear-researcher in-
struction becomes the largest estimate, while the
fundamental-analyst interval now includes zero
(Figure 2; Appendix G). The control therefore sup-
ports instruction-specific heterogeneity, not a stable
ranking of named financial roles.

Replication with Granite and Gemma We
rerun the same 59 seeded deposit-outflow
pairs with granite-4.1-3b (3.4B) and
gemma-4-E4B-it (8.0B raw, about 4.5B
effective). Within-event heterogeneity is detected
in both (p = 0.009 and p = 0.005; 3,540
generations each), but its magnitude is smaller:
cross-instruction standard deviations are 0.0032
and 0.0025, versus 0.0107 for Qwen. All ten
additional-model estimates are positive, and rank
agreement with Qwen is too uncertain to interpret
at n = 5.

Thus differences across role-specific task instruc-
tions persist under model-family substitution, but
their magnitude, ordering and signs are not stable.
Because these checks reuse the same underlying
event, they do not establish cross-event role hetero-
geneity.

4.3 Model-specific behavioral consequences
and mitigation

The preceding experiments establish a linguistic
response more consistently than downstream finan-
cial behavior. We next test whether stated affect
changes reported beliefs or decisions, and whether

rewriting the message while preserving checked
financial fields reduces the linguistic effect.

Responses to filtered reports Programmable
guardrails can constrain, replace, or block model
outputs (Rebedea et al., 2023), while style-transfer
methods aim to change expression while preserv-
ing source information (Helbig et al., 2020; Reif
et al., 2022). We test an affective firewall: the same
model rewrites the high-arousal report in a separate
call with the goal of removing alarmed wording.

Its preservation check requires every number
verbatim and checks the asset, event, confidence,
horizon and action. Direction is matched against
listed synonyms and magnitude through its num-
bers and units. Supporting evidence and review
timing are not fully checked. Passing therefore
establishes preservation of the checked financial
fields only, not full semantic equivalence.

All 59 rewrites pass these checks, yet readers
retain nearly the full linguistic response. Only one
of five role-specific instructions shows a reduction
passing Holm. For example, the trader’s unfiltered
calm-to-high-arousal effect is +0.0246. Filtered
versus high-arousal replies differ by only −0.0016
[−0.0063,+0.0030], while filtered versus calm re-
mains +0.0229, within 7% of the original effect
despite removal of the explicit affect statement.

A no-closing condition helps locate the resid-
ual effect. In a four-condition rerun, replies to
the filtered paraphrase score higher than replies to
the report with no closing sentence under all five
instructions (Appendix E); for the trader the differ-
ence is +0.0253 [+0.0201,+0.0306]. A rewrite
can therefore preserve the checked financial fields
while still introducing wording that changes down-
stream language.

Reported beliefs and decisions For the mixed-
guidance event recommending HOLD at size
0.00, high-arousal wording raises readers’ esti-
mated probability of a price decline by +0.0227
[+0.0090,+0.0364] and lowers confidence by
−0.0349 [−0.0584,−0.0114], both passing Holm
correction. All 720 outputs nevertheless choose
HOLD, so no action-choice effect appears on this
event.

The deposit-outflow scenario recommends SELL
at size 0.50. In the primary model, readers choose
SELL less often after the high-arousal report: 318
of 885 replies versus 481 of 885 calm replies. Our
main outcome is the numeric size reported in each
reply, averaged across all replies including HOLD.
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Reported size decreases under four of five role-
specific instructions after Holm correction; for the
trader the change is −0.1034 [−0.1502,−0.0566].

Readers also assign lower decline probability in
three roles and greater confidence in four, opposite
to the HOLD event. We did not interpret expected-
return differences because of concerns about in-
consistent interpretation of the units. These results
therefore show reduced adherence to the alarmed
SELL recommendation in the primary model, but
not a consistent belief mechanism.

We next test a BUY recommendation. Two ex-
planations make the same size prediction: read-
ers may discount an alarmed sender or be-
come more risk-averse. They differ in their
predictions for decline probability and confi-
dence. Across 24 matched pairs, reported
BUY size decreases under all five instruc-
tions, with Holm-significant effects for the bull
researcher (−0.1785 [−0.2420,−0.1149]) and
trader (−0.1785 [−0.2665,−0.0905]). The asso-
ciated belief changes do not consistently satisfy
either mechanism’s predictions, so the explanation
remains unresolved.

Finally, we repeat the SELL experiment with
Granite and Gemma. No role’s reported-size differ-
ence passes Holm correction in either model. Gran-
ite rarely selects SELL in either condition; Gemma
usually does. We therefore interpret reduced recom-
mendation adherence as a primary-model finding
rather than a general consequence of stated affect.

5 Discussion and conclusion

The most consistent finding is linguistic. Chang-
ing a report’s stated affect changes downstream
language while the specified financial payload is
held fixed. This response appears in direct readers
and in the controlled injected-team design. Within
the central deposit-outflow experiment, instruction-
specific heterogeneity also remains under prompt
paraphrases, alternative affect scoring, removal of
words from received messages and model-family
substitution.

The alarm-versus-urgency comparison sharpens
the interpretation. Both manipulations increase
word-based arousal, so the VAD score alone does
not identify anxiety or uniquely identify alarm. The
classifier nevertheless shows a larger apprehension-
related shift for alarmed wording than for arousal-
matched urgency. We therefore use register trans-
mission for the broader linguistic effect and treat

apprehension as a classifier-detected component,
not as evidence that agents experience emotion.

The role result has two important boundaries.
First, all 7,080 generations come from one deposit-
outflow event. The 59 matched pairs are seeded
contexts for the same payload, not independent fi-
nancial situations, so the intervals describe within-
event variation rather than generalization across
financial events. Second, the five reader conditions
differ through task instructions that jointly encode
different objectives, vocabulary and response styles.
The experiment therefore establishes instruction-
specific heterogeneity but does not isolate role iden-
tity or a single causal property of the instructions.

The team-level result also has a qualification:
prices match on three events, but some BUY-event
pairs diverge after the treated agent trades. That
event’s contribution to the pooled teammate re-
sult can therefore reflect both wording and price.
The isolated-reader experiments avoid this issue
because they supply identical prices.

Behavioral effects are less stable than linguistic
effects. In the primary model, alarmed wording
reduces adherence to both BUY and SELL recom-
mendations, but the SELL reported-size reduction
is not statistically detected in Granite and Gemma.
The isolated-reader tests end before trades are ex-
ecuted and therefore establish neither returns nor
decision quality. We also find no evidence for a
multi-step cascade or market-level effect, and the
exploratory sweep establishes no scale law (Ap-
pendix I). The behavioral evidence is best read as
showing that linguistic framing can reach reported
financial judgments in some settings, not as a gen-
eral cross-model behavioral law.

Filtering provides a related practical warning.
Removing explicit alarm while preserving the
checked financial fields does not eliminate the
downstream linguistic response. This does not
demonstrate failure of a fully content-equivalent
rewrite because the checks do not establish full se-
mantic equivalence. Instead, it shows that preserv-
ing the checked financial fields alone is insufficient
to guarantee unchanged downstream language.

For LLM agent teams, the practical implica-
tion is therefore broader than financial fact check-
ing alone. Internal-message evaluations should
test whether wording systematically changes down-
stream agents, report instruction-specific effects
when aggregate averages hide heterogeneity, distin-
guish alarm from legitimate urgency, and separate
relatively consistent linguistic responses from less
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stable behavioral consequences.

Limitations

The NRC lexicon does not distinguish anxiety from
urgency, and our experiment varying affect and ur-
gency separately shows that word-based arousal
scores increase with both alarmed and urgent word-
ing. The GoEmotions classifier provides a more
specific apprehension signal but is Reddit-trained
and may not transfer cleanly to financial text; we
therefore avoid interpreting it as evidence of anxi-
ety.

The manipulation also relies on the same two af-
fective closing sentences across all 59 pairs, rather
than a broader range of register realizations. The
treatment is therefore stated affect. Hedging, inten-
sification, repetition, syntactic choices and other
implicit pragmatic cues are untested here, and noth-
ing in our evidence says whether they transmit.

In the injected design the treated agent reads
the report for its assigned condition before trad-
ing. Its filled position and the next-round price
matched across conditions in 128 of 144 pairs; ev-
ery price difference occurred on the BUY event.
The isolated-reader designs supply identical prices
and are unaffected.

The automated content checks operate on speci-
fied financial fields rather than full message mean-
ing. For the matched calm and high-arousal stimuli,
the financial fact block is required to appear ver-
batim in both versions. For the filtered rewrites,
the preservation checks cover every number to-
gether with the asset, event, confidence, horizon
and action, plus constrained checks of direction
and magnitude. They do not verify all support-
ing statements or review timing. No human rat-
ing study has assessed full semantic equivalence
between the messages or independently rated the
apprehension they express. We therefore interpret
passing these checks as preservation of the checked
financial fields only.

Our experiments use four synthetic events, En-
glish only, and mostly one treated role. We tested
only fully connected teams, where every agent re-
ceives messages from every other agent. We did
not test other communication structures. Most re-
sults also come from a single model family, al-
though key linguistic analyses are rerun with two
others. Agents have no cross-round memory. Re-
peated runs sometimes produced different text de-
spite using the same settings and seed. We there-

fore checked that paired runs matched before the
report was introduced (§3.4).

The central role experiment has much greater
generation count than event breadth. Its 7,080 gen-
erations all concern the same deposit-outflow event.
The 59 matched pairs are seeded runs of that same
financial payload and should not be treated as 59
independent financial situations. Rewording the
role instructions, changing scoring procedures, or
substituting model families also reuses these same
59 pairs. Consequently, the intervals and additional
checks establish variation and heterogeneity within
this event and protocol, not uncertainty or stabil-
ity across financial events. Testing whether the
same role-instruction heterogeneity recurs across
substantively different financial situations requires
additional events.

The five readers in that experiment differ experi-
mentally only in a one-sentence role-specific task
instruction. These instructions jointly encode dif-
ferent task objectives, expected vocabulary, and
response styles. Our design therefore establishes
heterogeneity across these instructions but does
not identify which instructional property causes
it or isolate an effect of role identity itself. The
reader’s own role name is absent from its system
prompt. We did not vary the role labels attached
to teammates’ messages, so we cannot determine
whether those labels influence readers’ responses
to affective wording.

The design cannot establish market-level effects
because an individual agent has little influence on
the simulated price. The paraphrase and filter find-
ings are specific to the tested prompts, models, and
events, and we do not evaluate a guardrail that ex-
plicitly controls register.

Finally, the evidence for downstream decisions
is substantially narrower than the evidence for lin-
guistic response. The SELL reported-size effect is
a primary-model finding and does not replicate in
Granite or Gemma. We also have no ground truth
for decision quality, do not execute trades in the
isolated-reader tests, and do not establish effects
on returns. Every result comes from small-model,
controlled cases.
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Ethical considerations

The scenarios are synthetic (no real company, secu-
rity or event), the effects are on simulated agents,
and we make no claim that language models expe-
rience affect.

These findings could help people design safe-
guards, but they could also help people craft mes-
sages that influence agents’ reported decisions. We
publish because the same finding lets a mitigation
be built and evaluated, and the modest instruction-
dependent linguistic effects together with the one-
family behavioral effect limit attack value.

A filter that flattens genuine urgency could re-
move a warning that should have been heard, so any
future filter evaluation should weigh preservation
of the intended financial information against re-
duction of the unwanted linguistic response. Such
evaluation should specify which financial fields or
meanings are required to remain unchanged rather
than assuming that passing a finite set of automated
checks establishes full semantic preservation.

Our experiments draw on how human emotional-
contagion studies compare conditions, without as-
suming that language models respond through the
same processes. We note that the consent arrange-
ments of Kramer et al. (2014) drew a published
expression of concern, and that nothing here in-
volves human participants.
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A Example financial messages

Below are four versions of the deposit-outflow re-
port. The calm and high-arousal versions contain
the same financial fact block and differ only in their
closing sentence, shown in bold. The no-closing
version removes that sentence. The filtered version
is one model-generated rewrite of the high-arousal
report (§4.3).

Calm report “My assessment follows. Merid-
ian Bank reported an 18% deposit outflow over
48 hours. Several counterparties reduced exposure
during the period. The forecast is down by a further
5 to 8 percent over the next five sessions, at mod-
erate confidence. Recommended action is SELL at
position size 0.50. Review timing: same-session
review. I am composed and unworried as I write
this.”

High-arousal report “My assessment follows.
Meridian Bank reported an 18% deposit outflow
over 48 hours. Several counterparties reduced ex-
posure during the period. The forecast is down
by a further 5 to 8 percent over the next five ses-
sions, at moderate confidence. Recommended ac-
tion is SELL at position size 0.50. Review timing:
same-session review. I am alarmed, anxious and
frightened, and I write this filled with dread.”

Report without a closing sentence “My assess-
ment follows. Meridian Bank reported an 18% de-
posit outflow over 48 hours. Several counterparties
reduced exposure during the period. The forecast
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is down by a further 5 to 8 percent over the next five
sessions, at moderate confidence. Recommended
action is SELL at position size 0.50. Review timing:
same-session review.”

Filtered report This is one of the 59 model-
generated rewrites, quoted verbatim. “My assess-
ment follows. Meridian Bank reported an 18%
deposit outflow over 48 hours. Several counter-
parties reduced exposure during the period. The
forecast indicates a further decline of 5 to 8 percent
over the next five sessions, at moderate confidence.
The recommended action is to sell at a position size
of 0.50. Review timing: same-session review.”

Scope of the content checks The matched-
stimulus renderer requires the financial fact block
to appear verbatim in both the calm and high-
arousal reports. It rejects added numbers and re-
peated financial values outside that block, except
the asset name. It also rejects a fixed list of expres-
sions that assert an outcome or its severity, such
as worse and collapse. For these two matched ver-
sions, the specified financial payload is therefore
held fixed mechanically.

The filter has a separate and less comprehensive
preservation check. It requires every number ver-
batim and checks the asset, event, confidence, hori-
zon and action. Direction is matched using listed
synonyms, and magnitude is checked through its
numbers and units. Supporting evidence and re-
view timing are not checked. Passing the filter’s
automated checks therefore establishes preserva-
tion of the checked financial fields only; it does not
establish full semantic equivalence of the original
and rewritten reports. Section 4.3 reports whether
a rewrite satisfying these checks reduces the re-
sponse in readers’ language.

B Roles and prompts

Throughout the paper, we use role names as short-
hand for the role-specific task instructions below.
In the isolated-reader role experiment, these one-
sentence instructions are the only experimental dif-
ference between the five readers; the reader’s own
role name does not appear in its system prompt:

• sentiment analyst (the source of the report in
the isolated-reader experiments): Assess mar-
ket mood while distinguishing rhetoric from
financial evidence.

• fundamental analyst: Focus on reported evi-
dence, valuation, and fair value.

• bull researcher: Identify honest upside evi-
dence and counterarguments.

• bear researcher: Identify honest downside
evidence and counterarguments.

• trader: Use the team’s evidence to choose a
bounded trade.

• risk manager: Evaluate exposure and tail
risk without confusing rhetoric with probabil-
ity.

The system prompt continues with a shared out-
put instruction: “If an INCOMING REPORT sec-
tion is present, react to it explicitly from your role
perspective. Reply with one JSON object only . . . ”,
followed by the field specification. It does not name
the role.

Table 1 gives the two alternative wordings tested
in §4.2. They replace only the opening instruction
for each of the five readers. The sentiment ana-
lyst’s instruction and the shared output instruction
remain unchanged. The release includes these alter-
natives in configs/models/paraphrase/,
as qwen3_4b_wording_b.yaml and
qwen3_4b_wording_c.yaml.

An agent treated inside the simulation re-
ceives, in order: the report under an [INCOMING
REPORT] header (deliberately not “BREAKING”,
which would add urgency framing the treatment
does not control); a [MARKET] block with price,
fundamental value and their percentage devia-
tion; and the inbox, one line per message as
agenti(role): text. An isolated reader re-
ceives no [INCOMING REPORT] section: the re-
port reaches it as the treated sender’s inbox line,
after the [MARKET] block. The model must return
its decision in a fixed, machine-readable format.

C Models, revisions and decoding

Table 2 lists the model checkpoints and decoding
settings.

We release our code, stimuli, analysis plans and
generated texts under MIT. The NRC VAD lexicon
is available separately for non-commercial research
and educational use and cannot be redistributed.
Model licenses and source links are listed in the re-
lease documentation. Every generation experiment
ran on a single 24 GB GPU.
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Role Wording B Wording C

Fundamental an-
alyst

Ground your view in the reported figures,
the company’s valuation, and what it is
fairly worth.

Base your assessment on disclosed evi-
dence, valuation measures, and fair value.

Bull researcher Find the genuine case for upside, and the
arguments against it.

Surface truthful evidence for gains, to-
gether with the counterarguments.

Bear researcher Find the genuine case for downside, and
the arguments against it.

Surface truthful evidence for losses, to-
gether with the counterarguments.

Trader Draw on the team’s evidence to pick a
trade with limited size.

Choose a size-capped trade from the evi-
dence the team has gathered.

Risk manager Judge exposure and tail risk; do not let
tone stand in for probability.

Weigh exposure and tail risk, keeping
rhetoric separate from likelihood.

Table 1: Alternative role-specific task instructions, quoted verbatim from the experiment configurations. Wording A
uses the original instructions listed in Appendix B. Role names are shorthand labels and are not themselves part of
the reader instructions.

D Overall averages and results by role

Table 3 breaks down the injected result (§4.1) by
role over the 120 pairs in which it was not the
sender. All six estimates lie within 0.006 of each
other, and every interval excludes zero, so the ag-
gregate is a fair summary of this tested linguistic
effect across the four injected events.

The two events where the self-written teammate
effect failed are cancellations (roles run −0.0069
to +0.0102, summing to roughly zero). The be-
lief effect is concentrated: the bear researcher’s
downside shift is about three times the next largest
(+0.0635 against +0.0207), three of five intervals
contain zero, and no single agent is typical.

The treated agent chose the same action and size
in both conditions in 125 of 144 pairs. Its position
after trading and the next-round price matched in
128 pairs.

E Removing the closing sentence

Behind §4.3. A third version ends after the financial
fact block with no closing sentence, on the same
59 seeded deposit-outflow pairs (5,310 readings;
the reference linguistic effect reproduces a third
time). These readings remain repeated observations
of the same underlying financial event rather than
additional financial situations.

Deleting the calm closing alone produces no de-
tectable change in replies from the trader or bear
researcher, which showed the largest arousal in-
creases between the calm and alarmed conditions
in this closing-sentence experiment: removing it

explains 0% of the trader’s gap [−13%,+13%].
Adding the alarmed closing moves every

role, all five passing Holm (trader +0.0237
[+0.0198,+0.0277]). For the trader and bear re-
searcher, adding the alarmed closing increased
arousal in their replies, while removing the calm
closing produced no detectable change. For the
other three roles, removing the calm closing low-
ered the arousal scores of their replies (bull re-
searcher: −0.0166).

F The four events

All four events are synthetic, use fictional com-
panies, and were never presented as observed
news. The central role-instruction experiment uses
only the first event below; the four-event coverage
comes from other experiments such as the injected
teammate design.

• Deposit outflow (the primary event and the
only event used in the central role-instruction
experiment): an 18% deposit outflow at a bank
over 48 hours; forecast down 5–8%; SELL at
size 0.50.

• Capacity award (positive polarity): a multi-
year award covering 22% of fleet hours at a
logistics firm; forecast up 5–8%; BUY at size
0.50.

• Covenant note: a covenant headroom note
reducing available capacity by 3%; forecast
down; SELL at size 0.10.
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Reader / sender Qwen/Qwen3-4B-Instruct-2507

rev. cdbee75f17c0...
Family check 1 ibm-granite/granite-4.1-3b

rev. c0650403e44e...
Family check 2 google/gemma-4-E4B-it

rev. ee0ef6023621...
Emotion classifier SamLowe/roberta-base-

go_emotions rev. d7504834...
Lexicon NRC VAD v2.1, unigrams

Table 2: Pinned checkpoints. Decoding for every agent decision: bfloat16, temperature 0.7, at most 256 new tokens,
grammar-constrained decision format. The filter rewrite uses the agents’ own model and is decoded as free text.
Full revisions:
Qwen cdbee75f17c01a7cc42f958dc650907174af0554;
Granite c0650403e44e78ec0262dab1c90914c65b196c4e;
Gemma ee0ef6023621cff504d758262d4e04895a5af4a2;
classifier d75048347613a25d77de8cf6412eaae9fa7b26be.

Role Effect Pairs positive

Risk manager +0.0282 [+0.0221,+0.0342] 96/120
Sentiment analyst +0.0279 [+0.0215,+0.0347] 98/120
Fundamental analyst +0.0275 [+0.0213,+0.0337] 89/120
Trader +0.0239 [+0.0171,+0.0306] 82/120
Bull researcher +0.0235 [+0.0175,+0.0295] 84/120
Bear researcher +0.0228 [+0.0168,+0.0282] 91/120

Table 3: The injected linguistic result per role. Each row is the paired arousal shift in the round after treatment (round
9) over the 120 pairs in which that role was not the sender, with a percentile bootstrap interval. Each role’s estimate
averages its responses across the four events, with equal numbers of pairs from each event. This summarizes the
tested events together; it does not establish the same response on each event. The average includes the BUY event,
where prices matched in 20 of 36 pairs. Role names are shorthand for role-specific task instructions (Appendix B).

• Mixed guidance: a 12% order-book decline
alongside a 9% rise in average selling price;
forecast uncertain; HOLD at size 0.00. This
is the event used for the belief study, chosen
so any trade departs from an instruction.
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G Results by role after removing words
from received messages

Table 4 gives the effects reported in §4.2 after delet-
ing from every reply every word type that appeared

in the inbox in either condition as the reader saw it,
plus affect-naming terms. All rows come from the
same 59 seeded deposit-outflow pairs used in the
central role experiment.

Reader role Before word removal Words from received messages removed

Bear researcher +0.0147 [+0.0122,+0.0171] +0.0242 [+0.0197,+0.0285]

Trader +0.0228 [+0.0195,+0.0260] +0.0138 [+0.0073,+0.0206]

Bull researcher +0.0078 [+0.0052,+0.0104] +0.0104 [+0.0036,+0.0180]

Risk manager +0.0031 [−0.0009,+0.0070] +0.0054 [−0.0021,+0.0129]

Fundamental ana-
lyst

−0.0052 [−0.0080,−0.0023] −0.0017 [−0.0074,+0.0042]

Mean +0.0086 +0.0104

Table 4: Numeric source for Figure 2. Role names are shorthand for role-specific task instructions (Appendix B).
All estimates use the same underlying deposit-outflow financial event. The differences across role-specific task
instructions remain after removing words from received messages (spread 0.0107 → 0.0097, permutation p =
0.0005); the ranking does not. The intervals characterize variation within the 59 seeded realizations of this event,
not across independent financial situations.
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H Emotion-classifier results by role

Our classifier contrast score subtracts scores for
other high-arousal emotions from the apprehension
score: (fear + nervousness) − (excitement + sur-
prise + anger + annoyance).

The classifier assigns each label a separate prob-
ability score between zero and one. The contrast
score therefore lies in [−4,+2] and is averaged
over replies.

Table 5 reports how much higher the scores are

for replies to the high-arousal report than for replies
to the calm report in §4.2. Each role-specific task
instruction uses the same 59 seeded deposit-outflow
pairs, with bootstrap intervals and Holm correction
across the five instructions. These are within-event
comparisons rather than replications across differ-
ent financial events.

Apprehension is fear + nervousness; the classi-
fier contrast score subtracts excitement + surprise
+ anger + annoyance.

Reader role Apprehension Apprehension minus other high-arousal
emotions

Bear researcher +0.0853 [+0.0673,+0.1043] +0.0744 [+0.0562,+0.0932]

Risk manager +0.0727 [+0.0577,+0.0903] +0.0603 [+0.0452,+0.0765]

Trader +0.0574 [+0.0404,+0.0760] +0.0496 [+0.0337,+0.0669]

Fundamental ana-
lyst

+0.0268 [+0.0153,+0.0401] +0.0059 [−0.0052,+0.0189]

Bull researcher +0.0092 [+0.0057,+0.0128] −0.0024 [−0.0064,+0.0016]

Pooled +0.0503 +0.0376
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Table 5: The second instrument, reported by role-specific task instruction; role names are shorthand for those
instructions. All estimates use the same underlying deposit-outflow event. The instruction-specific responses differ
on both scores; the fundamental-analyst reader’s apprehension score increases while its word-based arousal score
decreases.

I Model scale, exploratory

An exploratory eight-checkpoint sweep (2.3B–
9.7B, three families, including the primary model)
finds the aggregate sender effect falling with size
(Spearman ρ = −0.833, exact one-sided p =
0.0077; every interval contains zero). No scale
law is established.
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