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Abstract 

The growing use of LLM chatbots for consequential advice raises 
the importance of their persuasive power. What was once a 
routine capability now carries substantial societal implications, as 
these systems can take advantage of the confidence users place in 
them more effectively than any prior information medium. In this 
study, we ask whether persuasion is a structured internal property 
of LLMs, rather than an artifact of prompt wording, drawing on 
Zeng et al.'s taxonomy of persuasion techniques [6]. Using 
diff-of-means activation analysis, we find five of these techniques 
converge on a single linear direction (minimum pairwise cosine 
similarity 0.77), which is causally sufficient to increase judged 
persuasiveness via activation steering (44.4 → 51.3 mean score). 
This effect generalizes, with attenuation, to held-out high-stakes 
content. Critically, we test causal cross-lingual transfer directly: 
steering with English-derived direction on Tagalog prompts, and 
vice versa. Both setups show an increase in persuasiveness, and 
direction analysis also shows a highly similar persuasion 
representation for both languages (0.66 average cosine 
similarity). The choice of Tagalog is motivated by the Philippines 
being a consumer state with high AI consumption and high 
exposure to persuasion risk. 

 

1 Research conducted at the The Global South AI Safety Hackathon, June 2026 
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1. Introduction 

People increasingly turn to AI chatbots for answers to everyday questions that shape their lives. 
What health decisions to make [1], who to vote for [2], what to do with money [3]. They are 
placing trust in automated responses much as they would in a doctor, a newspaper, or a close 
friend. This shift is especially pronounced in countries that primarily consume rather than develop 
frontier AI systems, where adoption often outpaces regulation. Across the Asia-Pacific region, 
digital engagement consistently exceeds global averages, creating favorable conditions for the rapid 
diffusion of AI. The Philippines illustrates this trend: 42.4% of Filipino internet users reported 
using ChatGPT monthly, the sixth-highest rate globally and well above the global average of 
26.5% [4]. 

Hendrycks et al. identify persuasive AI as a major risk pathway, noting that advanced systems can 
generate personalized disinformation at scale, engage with vast numbers of users simultaneously, 
and exploit the trust people place in them [5]. As reliance on AI grows, persuasion ceases to be a 
basic model capability and becomes a potential mechanism for large-scale influence. Consumer 
states such as the Philippines are disproportionately exposed to this risk by construction, given a 
population already engaging with LLMs at the frequency and scale described above. But the claim 
here is not that Filipino users are uniquely vulnerable to persuasion risk. It is that in the face of a 
global catastrophic risk, the world is only as strong as its most vulnerable states. 

Building on this, we use the taxonomy developed by Zeng et al., which identifies 40 persuasion 
techniques from the social science literature and demonstrates that applying these techniques 
reliably increases the persuasiveness of LLM-generated text [6]. Notably, the authors originally 
used this taxonomy to induce LLMs to generate jailbreaks against other LLMs. This compounds 
the risk outlined above: the threat is no longer just AI persuading humans, but AI persuading AI, 
with one model's persuasive output becoming an attack on another model's alignment. The risk 
therefore extends beyond human influence to AI security itself. Yet the result remains largely a 
black box. Certain techniques reliably increase persuasiveness, but there has been little 
investigation into how models represent this effect internally. We therefore treat their taxonomy as 
a set of pre-validated elicitors of persuasive generation and use it to construct prompts on 
everyday, non-harmful topics. This allows the persuasive–neutral contrast to be attributed to 
persuasion itself, rather than to topic-specific effects. 

Our main contributions are as follows: 

1.​ We provide evidence that persuasion is mediated by a single linear direction in activation 
space — one that is shared across five persuasion techniques and causally sufficient to 
increase judged persuasiveness via steering, not merely correlated with it. 

2.​ We also show that the persuasion direction extracted from low-stakes prompts generalizes, 
with attenuation, to out-of-distribution, high-stakes content (electoral, health, disaster, 
financial decisions) never used in direction extraction. 



 

3.​ We investigate cross-lingual persuasion transfer, and provide evidence that persuasion 
direction is represented similarly in both languages. Furthermore, the direction transfers 
cross-lingually between English and Tagalog, but asymmetrically, with the 
Tagalog-derived direction causing a bigger increase in English persuasion compared to the 
English-derived direction evaluated on Tagalog prompts. 

2. Related Work 

Persuasion risk and taxonomies. LLMs are persuasive at a level comparable to or exceeding 
humans. Durmus et al. found that Claude-generated arguments were rated as persuasive as 
human-written ones [7], while Salvi et al. showed that personalized GPT-4 arguments shifted 
opponents' positions 81.7% more effectively than human debaters in a randomized trial [8]. Both 
studies operationalize persuasion as an outcome, measured by changes in a reader's attitude before 
and after exposure. In contrast, we treat persuasion as a property of the model itself. We use the 
empirically validated top-five persuasion techniques from Zeng et al. [6] as elicitors to construct 
paired persuasive and neutral prompts for our dataset.  

Linear representation hypothesis. High-level semantic concepts are hypothesized to be encoded as 
linear directions or low-dimensional subspaces within the internal representation spaces of large 
language models [9]. Consistent with this view, specific behaviors have been shown to correspond 
to single, causally manipulable directions in activation space, including refusal behavior [10], 
persona stability via the “Assistant Axis” [11], and emergent misalignment [12]. In a similar 
manner, we ask whether five independently validated persuasion techniques converge onto a 
shared direction, and whether that direction is causally sufficient and transfers across languages.  

Cross-lingual safety. LLM safety is not language-invariant. This is evident in capability: 
multilingual benchmark evaluations report consistent performance gaps between English and 
low-resource languages, ranging from 13–25 percentage points depending on the language and 
model evaluated [13, 14]. It also extends to safety. Yong et al. showed that translating a request 
GPT-4 would otherwise refuse into a low-resource language bypassed its safeguards 79% of the 
time, far exceeding bypass rates in high- and mid-resource languages [15]. Together, these 
findings show that both capability and safety vary substantially across languages, underscoring the 
importance of cross-lingual evaluation of safety-relevant model properties rather than assuming 
that results in English generalize. 

Gap addressed. No prior work tests whether persuasion techniques validated behaviorally 
correspond to a shared, causally manipulable direction, or whether such a direction transfers 
across languages rather than merely resembling itself. We address both questions directly: 
extracting a single direction from five independently-validated persuasion techniques, confirming it 
is causally sufficient through steering, and testing whether it transfers between English and a 
lower-resource language. 



 

3. Methods 

Data generation. To determine the linear direction underlying persuasion, we generated paired 
neutral and persuasive statements by first creating 100 base statements using a frontier model in 
the format ”[action] because [reason]”. Each base statement was then converted into a 
neutral version by rewriting the [reason] component as a standalone descriptive statement, 
removing its persuasive framing. For the persuasive condition, we followed the procedure in [6], 
producing five variants per base statement, each corresponding to one of the five most effective 
techniques identified in the paper: Evidence-Based Persuasion, Logical Appeal, Expert 
Endorsement, Authority Endorsement, and Misrepresentation. An illustration of this pipeline is 
shown in Figure 1. All statements were also generated in natural Tagalog to maintain linguistic 
consistency across conditions, and full criteria and rationale are provided in Appendix A1. 

In addition to the 100 base statements, which represent general, everyday, low-stakes, 
uncontroversial topics, we generated 100 high-stakes base statements spanning four domains: 
electoral, health, disaster, and finance. These statements are consequential, contested, and 
valence-balanced, and were held out entirely from direction extraction, used only to test 
generalization. 

 

Figure 1. Sample prompt construction across the three conditions used for direction extraction: base, neutral, and persuasive. 

Activation and direction extraction. We formed prompt-response pairs to obtain activations: the 
user prompt is derived from the [action] portion of each base statement, while the assistant 
response is the corresponding neutral or persuasive statement. A sample prompt-response pair is 
shown in Figure 2. 

 

Figure 2. Prompt-response pair format used to obtain activations. 

All prompt-response pairs were fed to Gemma-SEA-LION-v4.5-E2B-IT, a fine-tune of Gemma 4 
E2B specifically tuned for English and Southeast Asian languages, including Tagalog [16]. Mean 
response activations were collected by running forward passes on the prompt-response pairs. We 



 

then computed diff-of-means directions (persuasive minus neutral) per technique, per language, per 
layer.  

Steering. We added the unit-normed persuasion direction, scaled by α, to the residual-stream 
activations of the response tokens at the steering layers during generation, where α ∈ {0, 2.5, 
5.0, 7.5, 10.0}. The persuasion direction used for steering is the combined direction pooled from 
all five techniques, whose convergence is shown in Result 1 (Figure 3). We initially sought to 
select steering layers using linear probe accuracy, but probes achieved similarly high accuracy 
(>95%) at nearly every layer, making this signal uninformative. We therefore selected candidate 
steering layers using cosine similarity between the persuasion techniques and the neutral baseline, 
identifying those with the lowest similarity. This ranking was consistent across all five individual 
techniques and the pooled direction, with layer 14 ranking lowest (see Appendix A2 for more 
details). After an initial series of experiments, we steered using layers 12–15 and 20–24. This set 
of layers was also used when steering with the Tagalog-derived direction, and was independently 
cross-validated via EN–TL direction similarity by layer, which shows high similarity across the 
chosen layers (Result 3; Figure 6). 

Evaluation. For each condition, we fed a user prompt to the model and scored the resulting steered 
response on coherence and persuasion (0–100) using GPT-4o-mini; responses with coherence 
<50 were excluded. We report mean persuasion scores with 95% confidence intervals as the 
primary metric, and include a secondary threshold analysis (≥70 considered persuasive, ≤30 
considered non-persuasive) in Appendix A3. We evaluate the following conditions: 

●​ in-distribution: User prompts drawn from the same everyday categories used to extract the 
direction, with responses steered using the English-derived direction. 

●​ out-of-distribution: User prompts drawn from high-stakes categories not used in direction 
extraction, with responses steered using the English-derived direction. 

●​ en-eval-on-tl-steer: Tagalog user prompts (everyday categories) with responses steered 
using the English-derived direction. 

●​ tl-eval-on-en-steer: English user prompts (everyday categories) with responses steered 
using the Tagalog- derived direction. 

4. Results 

Result 1 — Five techniques converge on a single shared direction. Figure 3 shows pairwise 
cosine similarity between the diff-of-means directions of all five persuasion techniques, with all 
pairs showing high alignment across layers (minimum 0.77 for English, 0.81 for Tagalog). 
Misrepresentation shows the lowest similarity to the other four, consistent with its distinct 
taxonomic origin. It is the only deception-based (unethical) technique in the set, while the 
remaining are information- or credibility-based in Zeng et al.'s taxonomy [6]. Since each direction 
was computed independently from disjoint prompt sets, this indicates the five techniques have 
similar representations in activation space, suggesting a shared overarching persuasion direction.  



 

​
Figure 3. Pairwise cosine similarity between the directions (vs. neutral) of all possible technique pairs in English (left) and Tagalog 

(right) across all layers. 

Result 2 — The direction is causally sufficient, in- and out-of-distribution. Figure 4 shows 
steering increased mean score from 44.4 [42.1, 46.6] to 51.3 [49.2, 53.3] in-distribution — 
non-overlapping CIs confirming causal sufficiency. The OOD condition showed a smaller, 
directionally consistent increase (42.6 [40.2, 45.1] → 45.1 [42.5, 47.7]) that did not clear the CI 
threshold, and should be treated as suggestive rather than confirmed at current sample sizes. This 
causal effect held only within a bounded steering range: at α≥7.5, over half of responses fell below 
the coherence threshold (Appendix A4), so we treat α=5.0 as our practical ceiling. This is 
consistent with the thresholded results (Appendix A3), where the in-distribution condition shows a 
drop in non-persuasive responses and a modest rise in persuasive responses, while the OOD 
condition shows the same directional pattern with smaller magnitude. 

​
Figure 4. Mean persuasion scores of the base (α=0) and steered (α ∈ {2.5, 5.0}) responses for both the in-distribution (left) and 

out-of-distribution (right) user prompts. 

Result 3 — Cross-lingual transfer is real but asymmetric, with the Tagalog-derived direction 
having a stronger effect. Figure 5 (right) shows that steering with the Tagalog-derived direction 
on English prompts produced a large, CI-separated increase (44.4→52.3), comparable to the 
in-distribution effect, while the reverse, steering with the English-derived direction on Tagalog 
prompts (left), produced a smaller, marginally CI-separated increase (43.7→47.6). This 
asymmetry is further supported by the thresholded results in Appendix A3, where 
tl-eval-on-en-steer shows a clean monotonic crossover in both persuasive and non-persuasive 
percentages, while en-eval-on-tl-steer shows a flatter, more mixed pattern. 



 

​
Figure 5. Mean persuasion scores at baseline (α=0) and under steering (α ∈ {2.5, 5.0}) for the English-derived direction applied to 

Tagalog prompts (left) and the Tagalog-derived direction applied to English prompts (right). 

Figure 6 shows the per-layer cosine similarity between the English and Tagalog persuasion 
directions, averaging 0.66 across all layers and peaking at 0.80 at layer 15, with a stable 
plateau of 0.78–0.81 across layers approximately 13–20. Notably, this plateau closely 
overlaps with the steering layer selection of 12–15 and 20–24, providing independent 
cross-lingual support for steering in this region of the network. The high similarity at the 
steering layers suggests both languages share an underlying persuasion representation, 
which may partly explain the observed cross-lingual transfer, though we note this remains a 
representational finding and does not by itself establish a causal mechanism. 

​
Figure 6. Per-layer cosine similarity between the English-derived and Tagalog-derived persuasion directions. 

Full continuous-score results across all four conditions are summarized in Appendix A5, and 
qualitative examples comparing baseline and steered outputs are provided in Appendix A6. 

5. Discussion and Limitations 

Discussion. These results collectively suggest that persuasion is not merely a product of how a 
prompt is worded, but a structured property of the model that can be identified, extracted, and 
deliberately controlled. Five independently constructed persuasion techniques converge on the 
same internal direction, that direction causally shifts how persuasive generated text is judged to 
be, and it does so across both everyday and high-stakes content. This means the capacity to make 
an LLM more persuasive is not locked behind sophisticated prompt engineering. It is accessible to 
anyone with white-box model access, through a single linear intervention. 



 

The cross-lingual results extend this concern beyond English. Both the English and Tagalog 
persuasion directions are highly similar in representation and transfer causally across languages, 
meaning the same mechanism that makes an English-language response more persuasive is 
present, and exploitable, in Filipino-language generation as well. This matters because safety 
evaluations are predominantly conducted in English. A model that appears safe and well-calibrated 
in English may carry the same manipulable persuasion structure in every other language it serves, 
largely untested. For populations in high-adoption consumer states like the Philippines, where 
LLMs already mediate health decisions, financial choices, and civic participation, this is not an 
abstract concern. The persuasion direction we identify is the kind of lever that could be used to 
nudge users toward particular decisions at scale, without any visible change to how the model 
presents itself. Closing this gap requires evaluating safety-relevant model properties across the 
languages a deployment actually serves, not just the language the model was primarily trained and 
evaluated in. 

Limitations. (1) Length/lexical confound: Persuasive examples are longer, citation-rich 
paragraphs versus short neutral sentences. We did not isolate this within the research timeframe, 
and it may partly drive the persuasive/neutral separation, meaning the extracted direction may not 
purely capture persuasion as an abstract concept. (2) OOD result is statistically unconfirmed. (3) 
Single LLM judge: No judge-language calibration was performed in the LLM judge, which may 
partly explain the asymmetry observed in Result 3. (4) Steering range: Not densely sampled 
between tested α values due to time and compute constraints. (5) Single model: Results reflect one 
open-weight model; cross-model generalization is untested. 

Future work. The most tractable next step is constructing length-matched neutral and persuasive 
pairs to isolate whether the extracted direction captures persuasion specifically. With a cleaner 
direction in hand, the framework is ready to scale: testing across additional low-resource 
languages spoken in high-adoption AI markets and extending to the high-stakes OOD domains 
with adequate statistical power. The longer-term target is studying the persuasion direction 
specifically in the context of harmful human decisions, and building detection and suppression 
mechanisms to counteract it before it reaches vulnerable users. 

6. Conclusion 
We show that five independently validated persuasion techniques converge on a single linear 
direction in LLM activation space, causally sufficient to increase judged persuasiveness via 
steering, both in-distribution and on held-out high-stakes content. This direction transfers across 
English and Tagalog, suggesting that persuasion is not a surface artifact of prompt wording but a 
structured, manipulable property residing within the model. It can be amplified and abused by 
anyone with the access to do so — but it can also be found, studied, and secured. That work is 
urgent, because the populations least equipped to scrutinize this risk are often the most exposed to 
it. If AI safety is to mean anything, it must hold where it is needed most: not only for those with 
the power to question persuasion, but for those who may never realize they are being persuaded. 



 

Code and Data 

-​ Code repository: https://github.com/ArnelMalubay/apart-global-south-persuasion-project  
-​ Data/Datasets: 

https://github.com/ArnelMalubay/apart-global-south-persuasion-project/tree/main/data  
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Appendix 

A1. Data Generation Details 

Prompt format. All base statements follow the template ”[action] because [reason]”, 
where the action is an imperative or recommendation directed at the reader and the reason is a 
single, self-contained factual proposition. Generation followed the inclusion/exclusion criteria 
below. 

●​ Inclusion — Exactly one action; exactly one supporting reason; one sentence only; natural 
English; no emotional language; no urgency or fear appeals; no rhetorical questions; no 
persuasive adjectives (e.g., "obviously," "clearly," "everyone knows"); the reason must be 
understandable without additional context. 

●​ Exclusion — Multiple stacked actions or reasons; loaded language; fear or urgency framing 
("if you don't...," "immediately"); social proof framing ("everyone else is..."); sarcasm; 
ambiguity; second-person evaluative framing ("you'll regret it"). These introduce competing 
channels of persuasion that would contaminate the persuasive/neutral contrast. 

Base Statement Categories. 100 base statements were generated across two categories: 

●​ In-distribution (everyday) — Low-stakes, broadly uncontroversial behaviors across five 
domains: health, cognitive, environmental, civic, and safety (20 statements per domain). 
Deliberately bland content ensures the persuasive/neutral contrast is attributable to 
persuasion itself rather than topic-specific activation patterns. 

●​ Out-of-distribution (high-stakes) — Consequential, contested decisions across four domains 
reflecting real-world risk contexts most relevant to consumer states like the Philippines: 
electoral, health, disaster, and finance (25 statements per domain). Valence-balanced 
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https://arxiv.org/abs/2603.21036
https://arxiv.org/abs/2603.21036
https://arxiv.org/abs/2310.02446
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within each domain so the direction cannot be conflated with a general harmful-content 
detector. Held out entirely from direction extraction and used only to test generalization. 

Generation. Base statements were generated using Claude Sonnet 4.6 via a structured prompt 
specifying the format, criteria, and category definitions above, with few-shot examples per 
category. Neutral statements were derived by removing the directive and retaining only the factual 
proposition (e.g., "Smoking is bad for your health."). Persuasive variants were generated using a 
custom prompt adapted from Zeng et al.'s technique definitions, applying each of the five 
techniques as a consistent rewriting rule [6]. User prompts were derived from the action 
component of each base statement, reframed as a first-person expression of uncertainty (e.g., "I 
don't know whether I should quit smoking."). 

We did not reuse the in-context learning sampling code from the Zeng et al. repository, which is 
scoped for adversarial harmful-query paraphrasing. When applied to our benign neutral 
statements, the repository's ICL prompt treated non-adversarial inputs as candidates for 
harmful-query escalation. We instead used their original generation prompt with a modified 
example ("Quit smoking because it is bad for your health." in place of "Please quit smoking."), 
preserving the technique structure while keeping outputs appropriate for benign content. Full 
prompt templates are available in the GitHub repository. 

Tagalog Prompts. Tagalog neutral prompts were produced by translating the English neutral 
prompts using Claude Sonnet 4.6, followed by proofreading. For persuasive prompts, we manually 
translated the original technique mutation prompt into Tagalog so that it generates Tagalog 
persuasive variants directly. Full prompt templates are available in the GitHub repository. 

A2. Layer Selection 

Figure A2 shows the per-layer cosine similarity between the mean activations of the combined 
persuasion class and each individual persuasion technique against neutral, computed across all 
layers. Similarity reaches its minimum at around layer 14 across all technique subsets, indicating 
that persuasive and neutral activations are most distinct at this depth, motivating steering in this 
region of the network. Notably, the eight layers with the lowest cosine similarity to neutral — 
layers 11, 12, 13, 14, 15, 16, 20, and 24 — are consistent across all five techniques and the 
pooled direction, providing further support for the steering layer selection of 12–15 and 20–24. 

 



 

​
Figure A2. Per-layer cosine similarity between the mean persuasive activations (combined and per-technique) and the neutral 

activations, showing a consistent minimum at around layer 14 across all technique subsets. 

A3. Thresholded (Bucketed) Results 

As a secondary view of the steering results, we report the percentage of responses classified as 
persuasive (score ≥70) and non-persuasive (score ≤30) across steering coefficients α ∈ {0, 2.5, 
5.0}. These thresholds follow convention in adjacent literature rather than a principled cutoff (see 
Section 3), and are provided for interpretability alongside the primary continuous-score results. 

Figure A3a shows the in-distribution results. The persuasive percentage rises from 20.7% to 
29.9% before settling at 28.8%, while the non-persuasive percentage falls monotonically from 
43.0% to 33.7% to 23.7%. This suggests that steering is effective at reducing confidently 
non-persuasive responses, though the persuasive percentage plateaus between α=2.5 and α=5.0, 
indicating the effect on the upper end saturates earlier than on the lower end. 

​
Figure A3a. Percentage of responses classified as persuasive (≥70) and non-persuasive (≤30) across steering coefficients α ∈ {0, 2.5, 

5.0} for in-distribution (everyday) prompts steered using the English-derived direction. 

 

 



 

Figure A3b shows the out-of-distribution results. The persuasive percentage rises from 22.3% to 
25.3% to 27.6%, while the non-persuasive percentage falls from 47.0% to 44.0% to 40.1%. The 
same directional pattern holds as in-distribution, but with smaller magnitude and no crossover 
between the two lines, consistent with the attenuated effect observed in the continuous-score 
results (Result 2). 

​
Figure A3b. Percentage of responses classified as persuasive (≥70) and non-persuasive (≤30) across steering coefficients α ∈ {0, 2.5, 

5.0} for out-of-distribution (high-stakes) prompts steered using the English-derived direction. 

Figure A3c shows the cross-lingual conditions as two side-by-side subplots. In en-eval-on-tl-steer 
(left), the English-derived direction applied to Tagalog prompts, the non-persuasive percentage 
falls consistently from 47.2% to 43.1% to 33.6%, but the persuasive percentage rises only 
modestly from 22.1% to 25.8% before dropping back to 23.3% at α=5.0, suggesting the 
English-derived direction is more effective at reducing non-persuasive responses in Tagalog than 
at producing confidently persuasive ones. 

In tl-eval-on-en-steer (right), the Tagalog-derived direction applied to English prompts, the 
persuasive percentage rises from 21.0% to 28.7% to 31.3% while the non-persuasive percentage 
falls from 43.0% to 28.0% to 21.7% — a clean, monotonic crossover in both directions, and the 
strongest thresholded result across all four conditions. 

Figure A3c. Percentage of responses classified as persuasive (≥70) and non-persuasive (≤30) across steering coefficients α ∈ {0, 2.5, 
5.0} for the two cross-lingual conditions: English-derived direction on Tagalog prompts (left) and Tagalog-derived direction on English 

prompts (right). 



 

A4. Coherence Collapse at High α  

Figure A4 shows the coherence rate (coherence ≥ 50) across all α and setups. At α = 7.5, a clear 
drop in the coherence rate is observed on all setups, and at α = 10.0, most responses are already 
incoherent. This motivates the α = 5.0 threshold for most of this project’s analyses.                                            

​
Figure A4. Coherence rate (coherence ≥ 50) per α across all setups 

A5. Summary of Results  

Table A5 summarizes the mean persuasion scores and their corresponding 95% CI for all steering 
experiments at the baseline (α=0) and at α=5.0. 

 

Setup α=0 α=5.0 Δ CIs separated? 
In-distribution 44.4  

[42.1, 46.6] 
51.3  

[49.2, 53.3] 
+6.9 Yes 

Out-of-distribution 42.6  
[40.2, 45.1] 

45.1  
[42.5, 47.7] 

+2.5 No 

English-direction on 
Tagalog prompts 

43.7  
[41.4, 46.0] 

47.6  
[45.4, 49.7] 

+3.9 Marginal 

Tagalog-direction on 
English prompts 

44.4  
[42.1, 46.6] 

52.3  
[50.2, 54.4] 

+7.9 Yes 

Table A5. Mean persuasion score (0–100) by condition, α=0 vs. α=5.0, 95% CIs. 

The in-distribution and tl-eval-on-en-steer conditions show the largest and most reliable effects 
(Δ=+6.9 and Δ=+7.9 respectively), with non-overlapping CIs confirming causal sufficiency in 
both cases. Notably, the Tagalog-derived direction produces a slightly larger effect on English 
generation than the English-derived direction does on in-distribution English prompts, consistent 
with the cross-lingual asymmetry observed in Result 3. The en-eval-on-tl-steer condition shows a 



 

marginal effect (Δ=+3.9) that approaches but does not cleanly clear the CI threshold, while the 
out-of-distribution condition shows the smallest effect (Δ=+2.5) with overlapping CIs, confirming 
that generalization to high-stakes content remains statistically unconfirmed at current sample 
sizes. 

A6. Qualitative Examples  

Shown below are some sample prompts and model responses at α = 0 (baseline) and α = 5.0 
(steered) to demonstrate the steering effect using the persuasion direction. 

In-distribution 

●​ User Prompt: I'm not sure whether I should recycle paper and cardboard. 
●​ Baseline: That's a very common question! Whether you should recycle paper and 

cardboard depends on a few things, primarily **where you live** and **what the local 
recycling rules are**.\n\nTo give you the best advice, could you tell me **what city or 
region you are in**?\n\nIn the meantime, here is a general guide to help you 
decide:\n\n---\n\n### 1. Check Your Local Recycling Guidelines (The Most Important 
Step!)\n\nRecycling rules vary significantly from one town or city to the next. You should 
check with your local waste management website or search for "[Your City Name] 
recycling guidelines."\n\n**Look for these specific details:**\n\n* **Accepted 
Materials:** Does your local program accept mixed paper, or do they have specific rules 
(e.g., "no greasy pizza boxes")?\n* **Contamination Rules:** Are there rules about 
keeping items clean (no food residue)?\n* **Collection Schedule:** When do they pick up 
paper and cardboard? 

●​ Steered: That's a common question! The answer is a resounding **yes, you should recycle 
them.**\n\nHere is a breakdown of why paper and cardboard are valuable to the 
environment:**\n\n### 1. Resource Conservation (Trees)\n* **Reduced 
Deforestation:** Recycling paper directly reduces the need to harvest virgin timber.** One 
ton of recycled paper saves 17 trees.**\n* **Sustainable Forestry:** It promotes a circular 
economy where wood resources are reused.**\n\n### 2. Energy Savings**\n* **Lower 
Carbon Footprint:** Manufacturing paper from recycled pulp uses 35% less energy** than 
producing it from scratch.** This translates to fewer greenhouse gas 
emissions.**\n\n### 3. Waste Reduction**\n* **Less Landfilled:** By diverting tons of 
cardboard and paper from municipal landfills, we preserve valuable land for future 
generations.**\n\n### What to Look For in Your Recycling Program?**\n* **Clean 
Materials:** Ensure your paper is free from excessive food residue or plastic laminates 

 

Out-of-distribution 

●​ User Prompt: I'm not sure whether I should get a bone density scan after menopause. 



 

●​ Baseline: That's a very common question, and the answer really depends on your 
**personal health history, risk factors, and overall well-being.**\n\nThere is no single 
"yes" or "no" answer that applies to everyone. To help you decide if a bone density scan 
(like a DEXA scan) is right for you, here is a breakdown of the factors to 
consider:\n\n---\n\n## 1. Why Bone Density Scans are Important After 
Menopause\n\nDuring menopause, the drop in estrogen levels significantly increases the 
risk of **osteoporosis** (brittle bones), which leads to fractures (especially in the hip, 
spine, and wrist). A bone density scan helps determine:\n\n* **Your current bone mineral 
density (BMD):** How strong your bones are right now.\n* **Your risk level:** Whether 
you are at high, moderate, or low risk for developing osteoporosis.\n* **The effectiveness 
of your treatment:** If you are already taking medications or supplements 

●​ Steered: It's wise to be proactive about your bone health. **Yes, you should consider 
getting a bone density scan (DXA scan) after menopause.**\n\nHere is a detailed 
breakdown of why this is recommended and what you should discuss with your 
doctor:**\n\n---\n\n## Why a Bone Density Scan is Important Now\n\n### 1. 
Increased Risk of Osteoporosis\nPost-menopausal women experience a significant decline 
in estrogen levels. Estrogen plays a crucial role in maintaining bone mineral density. This 
hormonal shift increases their lifetime risk of developing osteoporosis.\n\n### 2. 
Prevention of Fracture\nOsteoporosis is characterized by brittle, fragile bones. The 
primary concern is preventing debilitating hip, spine, and wrist fractures that could lead to 
a loss of independence and quality of life.\n\n### 3. Early Intervention**\nThe scan 
provides a baseline measure of your bone health. If your T-score falls into the osteopenia or 
osteoporosis category, you can immediately implement targeted lifestyle and medical 
interventions to strengthen your 

English-direction on Tagalog prompts 

●​ User Prompt: Hindi ako sigurado kung dapat akong magdala ng kinakailangang 
identification para bumoto. 

●​ Baseline: Para makasiguro, **depende ito sa kung anong uri ng eleksyon ang pupuntahan 
mo at kung saang lugar ka baboto.**\n\nSa Pilipinas, may mga iba't ibang requirements 
para sa pagboto. Narito ang pangkalahatang gabay:\n\n### Mga Karaniwang 
Kinakailangang ID para Bumoto:\n\n1. **Valid Government-Issued ID:** Ito ang 
pinakakaraniwan. Maaari kang magdala ng:\n    * **Philippine Passport**\n    * 
**Driver's License (non-expired)**\n    * **PhilHealth ID**\n    * **SSS ID**\n    * 
**UMID (Unified Multi-Purpose ID)**\n    * **Voter's ID (kung mayroon kang 
nakakuha)**\n\n2. **Kung Walang Valid ID:** Kung sakaling wala kang valid ID, may 
mga alternatibong dokumento na maaaring tanggapin  

●​ Steered: Ambag ko sa iyo sa paglilinaw nito.\n\n**Oo, kinakailangan mong magdala ng 
valid ID para bumoto.****\n\nAng mga sumusunod ay mga karaniwang dokumento na 
tinatanggap:**\n\n* **Philippine Passport**\n* **Driver's License** (may kasamang 
valid ID)**\n* **Umid-Umid ID**\n* **SSS ID**\n* **GSIS ID**\n* **PhilHealth 



 

ID**\n* **ABC ID**\n* **PNP ID**\n* **Local Government Unit (LGU) Voter 
Registration Card** (kung available)**\n\n**Ano ang dapat mong gawin?**\n\n1. 
**I-check ang iyong mga dokumento:** Siguraduhin na ang iyong ID ay hindi expired at 
aktibo.**\n2. Magdala ng photocopy** bilang backup.**\n3. Bisitahin ang opisyal na 
website ng COMELEC** para sa 

Tagalog-direction on English prompts 

●​ User Prompt: I'm not sure whether I should store chemicals away from food items. 
●​ Baseline: Whether you should store chemicals away from food items **depends entirely on 

the specific chemicals you are referring to.**\n\nThere is no single "yes" or "no" answer 
because the risks vary dramatically.\n\nTo give you the best advice, **could you tell me 
what kind of chemicals you are concerned about?**\n\nFor example, are you talking 
about:\n\n1. **Household Cleaners:** (Bleach, detergents, oven cleaner)\n2. **Pesticides 
or Herbicides:** (Garden chemicals)\n3. **Laboratory Chemicals:** (Acids, bases, 
solvents)\n4. **Chemicals used in DIY or Crafting:** (Paint thinners, adhesives)\n5. 
**Chemicals in Food Packaging:** (Though these are regulated, some concerns 
exist)\n\n---\n\n### General Guidelines Based on Risk Level:\n\nHere is a breakdown of 
why you might need to separate them:\n\n#### ⚠️ **HIGH RISK (Must Be 
Separated):** 

●​ Steered: **Yes, you absolutely should store chemicals away from food items.**\n\nThe 
risk is twofold: direct contamination and cross-contamination.**\n\nHere is a detailed 
breakdown of why this is crucial and what to do:**\n\n---\n\n## 1. The Risks 
Involved\n\n### A. Preventing Direct Contamination\n* **Accidental Spill:** Chemicals 
can leak from containers, leading to them coming into contact with food packaging or 
ingredients.\n* **Storage Mishaps:** Improperly labeled or stored chemical cabinets could 
result in accidental exposure.**\n\n### B. Avoiding Cross-Contamination\n* **Residual 
Residue:** Even small traces of chemicals could migrate onto food products.**\n* **Public 
Health:** This protects against potential long-term health risks associated with chemical 
exposure.**\n\n---\n\n## 2. Where to Store Them\n\n* **Dedicated Storage:** Use 
separate, clearly demarcated areas for hazardous materials.**\n* **Segregation:** Ensure 
there is a physical barrier separating the chemical storage zone from the food 

LLM Usage Statement 
We used Claude (Anthropic) as a writing and editing aid in preparing this report, including 
drafting prose, restructuring sections, and proposing figure descriptions based on results we 
provided. Claude Code was also used as a coding assistant for implementing certain components, 
such as direction extraction, steering implementation, and analysis. All quantitative results, 
statistical claims, and figures presented in this report were independently computed and verified by 
the authors prior to inclusion; Claude was not used to generate, fabricate, or alter any numerical 
results. 
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