Believing
Anthropomorphism:
Examining the Role of
Anthropomorphic Cues on Trust
In Large Language Models

Introduction

Anthropomorphism and Trust

Anthropomorphic attributes unrelated to performance shape metrics of
user trust with avatars, autonomous vehicles, robots, voice assistants, and
other conversational agents [1-4].

This experiment tests the influence of two implicit cues (grammatical
person, modality) on the extent to which users anthropomorphize a large
language model (LLM) and trust its outcomes.

Current study

e Manipulates two linguistic anthropomorphic cues in an pseudo-LLM

1. Grammatical person (“Here’s what | found” | “Here’s what the system found”)
2. Modality (voice + text, text only)
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Modality, but not Person, had an overall
effect on anthropomorphism score and
accuracy rating: text + speech led to
higher ratings (both p<0.001).
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Effects of Grammatical Person (“I”) were more limited
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e Strongly positive relationship (p<0.001)
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Dimensions of trust are not equally affected

e Differences across scenarios (e.g., health &
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Methods

Participants were randomly assigned to
one of the four modality/person conditions.

Research

Table 1: Participant Distribution Across the Four Conditions

First-Person First-Person Third-Person Third-Person
Text only Voice + Text Text only Voice + Text

Then they completed 20 experimental trials
with a pseudo-LLM. On each trial, they i

asked a pre-typed gquestion (5 domains:

health, medication, career, travel, cooking).
The system “processed” and then showed

Total n

Mean (sd) 46.9 years (18.3)  46.7 years (18.4) 47.1 years (18.0) 47.1 years (18.5)
Range 18-90 18-85 18-86 18-89

Women 280 275 285 281

Men 261 261 257 238

Another gender 3 3 0 1

white 390 396 396 386

9% 92 97 99
" 69 69 69 71

12 10 13 15
Asian American 18 24 24 25
6 2 2 3

multiracial 49 38 38 40
544 539 542 540

its response. In the speech + text condition,
participants also heard the system read the
response aloud.

Outcome variables

After each trial, participants rated the system’s response
on three dimensions:

1. Perceived accuracy: How accurate was the
system’s response?

2. Perceived risk: If you were relying on this
information, how risky would it be if the system got
this information wrong?

3. Follow-up validation: Would you validate the
system’s answer from other sources?

Post-trial questions

o Anthropomorphism (Godspeed Questionnaire [5]).
how natural, human-like, conscious, lifelike, and
competent the system seems

o Trustworthiness (“Rate the overall trustworthiness of
the system”: extremely untrustworthy ~ extremely
trustworthy)
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Conclusion

Takeaways

Hearing a voice matters

e Recommend using a voice in an LLM when there is high
confidence or evidence of accuracy in the model's
output. In cases where this cannot be avoided, suggest
introducing cues of speaker uncertainty in the auditory
signal and/or source attribution.

Consider alternatives to first-person pronouns (“I”)

e While we did not observe an across-the-board effect of
"I" as for the presence of a voice, it still increased ratings
of accuracy in one context: medication information.

Leverage the voice for good.

e Including a generated voice can improve trust and

medication riskier and more likely to validate) o™ — R — information uptake, which can be used for users’ benefit,
F& 8 Fe s such as adherence to a treatment plan in healthcare
R A contexts.
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