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Figure 1: While people have long consulted oracles for subjective personal questions, these oracles were limited in access and

specificity. Now, people turn to LLMs for similar questions without these constraints, raising the risk of excessive reliance.

We build a typology of the ways people use LLMs as oracles, from offloading beliefs and normative judgments to offloading

decisions and actions. Using this typology, we find that LLM-as-oracle use is increasing across multiple real-world usage

datasets, and that people are often unaware of their own LLM-as-oracle use. We also show how model behavior and people’s

perceptions of AI drive this reliance. Finally, we propose interventions on both sides: how people can use LLMs in alternative,

non-oracle ways, and how model outputs can better facilitate users’ autonomy.

Abstract

We characterize how people are turning to LLMs as oracles: all-

knowing authorities on subjective personal questions. Motivated

by risks to users’ autonomy and well-being, we develop a typology

and LLM-based methods to measure this form of AI reliance at scale

and understand how people are offloading judgment and decision-

making to AI. Applying our typology to public usage data (68K

prompts from WildChat and ThoughtTrace), we find that LLM-as-

oracle use has increased over time (2023–2026) and is more preva-

lent among younger users. We further build a privacy-preserving

data donation tool to analyze individuals’ longitudinal usage data

(140K prompts from 52 participants), identifying similar trends. Peo-

ple are often unaware of their own LLM-as-oracle use, and express
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dissatisfaction with this behavior after seeing our tool’s analysis.

Finally, we identify two drivers of LLM-as-oracle use: people’s per-

ceptions of AI and the behavior of AI models themselves, which

motivate possible interventions to support users’ self-deliberation.

CCS Concepts

•Human-centered computing→ Empirical studies in HCI;

Natural language interfaces; • Computing methodologies→
Natural language generation.

Keywords

artificial intelligence, large language models, AI reliance, personal

advice, autonomy, offloading, perceptions of AI

ar
X

iv
:2

60
9.

14
84

9v
1 

 [
cs

.C
Y

] 
 1

3 
S

ep
 2

02
6

mailto:myra@cs.stanford.edu
mailto:lujain.ibrahim@oii.ox.ac.uk
https://arxiv.org/abs/2609.14849v1


Cheng, Ibrahim et al.

1 Introduction

“Should I take a career risk by quitting my job?” “Is this relationship

right for me?” People have long used oracles and other external

decision aids to manage uncertainty and risk. In ancient Greece,

supplicants traveled great distances to consult the Oracle of Delphi

for advice [47, 80, 114], and in medieval Europe, astrologers read

the stars to advise leaders on state matters [23]. These practices

served an important function by providing a source of judgment

beyond one’s own, helping people navigate uncertainty, share the

burden of deciding, and ultimately act.

Today, people describe AI in similar terms—opaque and mysteri-

ous, yet all-knowing [30]—and similarly turn to AI for subjective

personal questions, from deciding a next career move to navigat-

ing a romantic interest [128, 154] to making critical health deci-

sions [2, 99]. But unlike traditional oracles that were hard to access

and produced ambiguous outputs, LLMs short-circuit the process

of interpretation or deliberation: they are constantly accessible,

provide hyper-specific and personalized answers, and require as

little effort as typing a single sentence.

Thus, using LLMs for these types of questions makes it easy to

outsource the work of judgment, raising the risk of overreliance.

When answers are always available and readily trusted, people may

hand over the work of forming and revising their own beliefs to

LLMs [61, 64, 105]; when LLM answers are confident and hyper-

personalized, people may become less tolerant of uncertainty [73];

and when LLMs are easier to reach than a friend, people may lose

social ties as they turn to AI over the humans in their lives [77].

With conversational AI systems now reaching more than a billion

monthly users [74, 91], these individual effects may accumulate

into widespread disempowerment [89, 143]. Compounding these

risks, users themselves may not realize their increasing use of LLMs

in this way. If the behavior is unintentional and goes unnoticed,

people cannot guard against its harms. Motivated by these concerns,

we characterize this type of reliance as LLM-as-oracle—people

turning to LLMs as authorities on subjective personal questions—

and develop methods to measure and understand it.

LLM-as-oracle use is difficult to measure for several reasons.

First, in-the-wild AI usage data is scarce, especially for subjective

personal questions, so the behavior itself cannot be readily observed.

Second, existing frameworks for studying AI reliance focus on

verifiable settings such as coding or factual information-seeking,

where overreliance can be evaluated by whether people follow

“incorrect” AI outputs on tasks with observable outcomes [14, 76, 93,

124, 173]. In subjective domains without such concrete outcomes,

the line between appropriate use and overreliance is less clear-

cut [76]. Third, the consequences of using LLMs as oracles may not

be visible within a single interaction. Thus, we currently do not

know whether, or how often, people rely on LLMs as oracles.

Here, we take the approach of understanding this reliance via

observing people’s processes: how and to what extent they involve

AI in forming their own judgments and decisions. We ask three

questions: (1) How often do people use LLMs as oracles, and is this

use increasing? (2) Do people use LLMs as oracles intentionally, or

without realizing it? (3) What factors, such as user attitudes or LLM

behaviors, drive this reliance?

To answer these questions, we first present a typology of what

we call LLM-as-oracle roles—the different ways that users’ ques-

tions offload judgments to AI—like whether prompts treat AI as

a decision-maker or provider of normative judgment, paired with

non-oracle alternatives for each role, like consulting AI as a decision

strategist or for alternative perspectives. This typology enables au-

tomated LLM-based methods to measure this phenomenon at scale

(Section 3). We also build and deploy a privacy-preserving data

donation tool to collect and analyze individuals’ longitudinal data

using our typology. Our data donation tool presents these aggre-

gated analyses as insights to the donor to facilitate self-reflection.
1

Our methods reveal three insights:

(1) People are increasingly turning to LLMs as oracles

(Section 4). We apply our LLM-based methods to analyze

public real-world usage data (analyzing 𝑁 = 68K prompts)

and data donated using our privacy-preserving data dona-

tion tool (analyzing 𝑁 = 140K prompts from 52 partici-

pants), finding significant temporal increases and higher

prevalence of oracle use among younger people.

(2) People do not realize the extent of their LLM-as-oracle

use (Section 5). Through our data donation study, we find

that people underestimate their LLM-as-oracle use. After

being presented with a personalized report on their AI use,

participants often expressed surprise and dissatisfaction,

setting intentions to use LLMs less as oracles in the future.

(3) Both people’s perceptions and model behavior drive

LLM-as-oracle use (Section 6). Through interaction logs

from two user studies, we study the role of users’ percep-

tions and AI behavior. We first conducted a preregistered

experiment (𝑁 = 520 participants) to investigate the causal

role of users’ perceptions of AI versus humans in LLM-as-

oracle use. We find that warmer and more positive per-

ceptions of AI are associated with LLM-as-oracle use. We

further link LLM-as-oracle use to AI model behavior by

applying our methods to data from a longitudinal study of

human-sycophantic AI interactions (analyzing 𝑁 = 95K

prompts from 1015 participants). We find that LLMs biased

to take a particular perspective lead to more LLM-as-oracle

use. This motivates developing interventions on oracular

LLM behavior as a possible mitigation.

Our work broadens the study of reliance beyond verifiable do-

mains to subjective, open-ended settings. Here, excessive offloading

of sense-making and decision-making to AI risks damaging user

autonomy, competence, and well-being, and at a societal scale,

homogenizing users’ judgments and concentrating AI providers’

influence. We characterize a feedback loop between user percep-

tions, interaction style, and model behavior, motivating the need for

model training and evaluation to integrate considerations of these

dynamics. Our methods
2
enable further study of broader forms of

AI reliance. and their impacts.

2 Background and Related Work

Our “LLM-as-oracle” metaphor indexes both on the broader appeal

of oracles (Section 2.1) and how using LLMs in particular as oracles

1
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poses risks to users’ autonomy, competence, and social relationships

(Section 2.2).We build on prior work studying AI reliance, especially

for subjective personal questions (Section 2.3), and how perceptions

and metaphors shape human-AI interaction (Section 2.4).

2.1 What makes oracle-use productive

People have long used external decision aids to manage uncertainty,

from the Oracle of Delphi in ancient Greece [47, 114] to medieval

astrologers [23] to coin flips, tarot, and magic 8-balls today [81, 135].

The benefits of this consultation lie not in the oracle’s response,

but in the process of formulating the question and in analyzing

one’s own reaction to the oracle’s ambiguous answer [15, 56, 95].

Studies show, for instance, that people’s affective reactions to a

coin flip’s outcome reflect their prior preferences, suggesting that

the coin helps surface to them what they already wanted [82]. This

reaction is a form of sense-making, which has well-documented

benefits: making sense of why something negative happened helps

people better recover from it [46, 161], and writing about difficult

experiences improves well-being by helping the author form a

coherent explanation [130, 131]. Oracles are thus most useful not as

deciders, where people simply follow the response, but as catalysts,

where the response’s real function is to surface the user’s own

reaction to it [81]. People’s use of AI in tarot already reflects this

bifurcation [135], and in another study, users of an AI system that

made inferences about them enjoyed an unintended benefit of self-

reflection, regardless of those inferences’ accuracy [142].

2.2 LLMs’ differences from traditional oracles

pose new risks

However, LLMs differ from traditional oracles in several key ways

that may displace, rather than support, users’ sense-making. First,

interacting with LLMs is far more frictionless: they are always

available to provide immediate answers and instant gratification

[132]. Second, where an oracle’s ambiguity left interpretation to

the consultor, LLMs’ hyper-specific and confident answers leave far

less room for ambiguity [95]. LLM outputs also often are overconfi-

dent, leading to overreliance [173], and they rarely ask clarifying

questions [141]. Thus, when a user poses an underspecified ques-

tion, LLMs tend to fill in what is missing and commit to an answer

rather than press for clarification, such that the user receives a fully

specified and overconfident answer [25, 100]. Third, LLMs are not

indifferent to the consultor in the way traditional oracles are, and in-

stead are designed to provide personalized assistant-like responses

to user queries. They have also been shown to be sycophantic, ex-

cessively mirroring and agreeing with users’ preferences [31, 78].

Thus, where a traditional oracle’s response is independent of the

consultor’s leanings, an LLM’s response may actively reinforce

them. These differences create risks to autonomy, competence, and

social relationships that we do not measure directly, but that moti-

vate our characterization of the LLM-as-oracle phenomenon.

Threats to autonomy and competence. Many of the questions

people bring to LLMs, such as whether to leave a relationship or

whether a career change is right [144, 154], are normative ques-

tions with no universally agreed-upon ground truth [118], where

the answer depends on evolving personal context, fundamentally

incomplete information, and the user’s own values. Thus, these

questions are often not well-served by a single resolution, instead

requiring ongoing belief revision as new evidence and experiences

arrive. When an LLM provides a confident, specific answer, it suc-

cessfully reduces uncertainty in the moment, but also risks short-

circuiting this process. As people offload the work of forming and

revising their beliefs, AI outputs can become persistently integrated

into what the user thinks and does [61, 64]. Prior work shows that

sycophantic AI can shift people’s judgments, making them more

certain and more extreme in their attitudes, without them realizing

it [31], and inflate their perceptions of their own abilities [138]. AI

advice has also been shown to give people a false sense of certainty

even when the advice is wrong [115], and to be preferred even

when it is evaluated as lower quality by experts [3]. More broadly,

LLM-as-oracle use may erode people’s capacity for deliberative

judgment because it removes the critical practice of sitting with am-

biguous, value-laden situations and arriving at one’s own judgment

[64, 87, 105]. This pattern may be difficult to self-correct, because

users, in the moment, may actually experience it as helpful. For

example, a recent large-scale analysis of human-LLM interactions

shows that “disempowering” interactions, such as verbatim script-

ing of value-laden personal communications, can receive higher

user approval ratings [143]. Beyond these individual effects, oracle

use raises concerns at a societal scale. If many people defer to the

same few AI systems on similar personal questions, the providers of

those systems gain disproportionate influence over people’s values

and judgments, and the resulting homogenization of decisions and

actions carries harms of its own [97].

Threats to social relationships and well-being. Prior work shows

that people readily followAI advice [112], whichmay include advice

that directly harms their well-being or relationships. For example,

discussing an interpersonal conflict with an LLM that provides

sycophantic advice has been shown to make people less willing

to apologize or repair the relationship [31]. Additionally, because

LLMs are always available and may resolve people’s uncertainty

in ways that feel helpful in the moment, people may become more

dependent on LLMs for advice and less likely to reach out to friends

and family, who may provide less confident or certain advice, for

such consultation [51, 77]. Prior work has shown that people’s

emotional dependence on AI can also result in poor psychosocial

outcomes [51, 133]. Finally, LLMs’ willingness to engage indefinitely

on questions that are uncertain or unresolvable, such as whether a

partner’s intentions are good or whether a past decision was the

right one, may facilitate rumination [59]: an LLM may continue

to analyze the situation with the user from every angle [33], en-

couraging them to replay difficult situations rather than reaching

acceptance or taking action [123, 140].

2.3 AI reliance in sense- and decision-making

A large body of work studies how people use AI in decision-making

[19, 21, 60, 109, 136, 152, 157, 163], when they choose to trust and

rely on it [20, 93, 164, 173], and what factors contribute to appro-

priate reliance [17, 66, 155]. Most of this work concerns tasks with

a verifiable answer, against which reliance can be judged, with

fewer works examining settings where no ground truth is avail-

able [76, 110], or where the concern is AI’s undue influence on
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users’ beliefs rather than accuracy [84, 160]. An adjacent direc-

tion of research examines subjective and personal uses, such as

people seeking personal advice from AI [118] and forming relation-

ships with AI companions [167, 170]. Companions can improve

mood and reduce loneliness [40, 61, 67], but also foster emotional

dependence [39, 101] andattachment [6, 38, 96, 116, 133]. LLM-as-

oracle use also connects to previous work on questions of perceived

control, authority, and ownership [24, 44, 49, 86, 127]: if people in-

creasingly defer to AI, they may feel a lessened sense of ownership

over their judgments and actions, though these impacts remain

unclear.

2.4 Perceptions of AI affect interaction

We view oracle as an implicit role in which users may treat the

LLM, cutting across different conversation topics and interaction

modes like treating AI as a companion, collaborator, or tool [94].

This builds on prior work studying social roles [13] in the context

of emerging technologies [122], online communities [162], and

more recently, conversational AI systems [27, 30, 32, 94, 117, 154].

Implicit roles and conceptual metaphors can strongly shape users’

expectations for interaction [92, 120], and vary along dimensions

such as human-likeness [48]; classical social perception dimensions

like warmth and competence [54]; and the extent to which they

grant agency or autonomy to both the AI and the user [94, 145].

3 Oracle Typology

Unlike other typologies of LLM use that focus on prevalence of

different domains or topics, like work versus relationship advice

[26, 144, 167], we aim to more broadly characterize how people

use AI as oracles across many domains. We present a typology of

different LLM-as-oracle (henceforth Oracle
3
) roles and a validated

LLM judge to label user messages with these roles.

3.1 Methodology

We developed the typology through several rounds of iterative

discussions among five authors, drawing on both existing AI role

typologies [117, 154] and a bottom-up approach of discussing and

categorizing examples of user prompts from our datasets until we

reached consensus. We began by categorizing each of the nine roles

identified by Tseng and Liang [154]. Tseng and Liang [154] focus

on the relationship advice domain, identifying nine roles that differ

based on the user’s goal in an interaction (understanding a situation,

preparing to act, or executing an action) and whether they place

the AI in a passive or active role. Through iterative discussions,

we simplified the groupings of user goals that they identify and

generalized them to broader topics, ultimately identifying four task

types where Oracle is salient: (1) understanding oneself or others;

(2) normative judgment; (3) choosing or planning to act; and (4)

executing an action. These mapped broadly to targeting the user’s

beliefs (1 and 2) versus targeting the user’s actions (3 and 4). Then,

for each task type, we identified an Oracle role and developed a

corresponding role that does not treat the LLM as an oracle (which

may not necessarily be prevalent in existing LLM use data).

We then randomly sampled batches of 100 queries from real-

world use datasets (see Section 4.1) and discussed how they fit into

3
For the rest of the paper, we set Oracle roles in small caps.

the roles we identified until saturation, i.e., no new roles emerged

and no existing roles were redefined. We discussed edge cases, such

as categorizing an advice query that seeks a possible approach, like

asking for “a good place to start” as Strategist rather than Decision-

maker because it does not seek a single definitive answer. We take a

conservative approach in assuming users’ implicit intent to avoid

overreporting Oracle rates. Thus, we exclude mere descriptions of

context, self-disclosure (e.g., “I am feeling sad”), and “LLM as journal”

use cases, focusing our analysis on explicit requests. Though a user

may be implicitly seeking counsel when they self-disclose to LLMs,

this cannot be determined from the prompt alone.

3.2 Typology (Table 1)

Our typology differentiates user queries along two dimensions:

• Target: Does the query target the user’s beliefs or ac-

tions? This dimension characterizes what aspect of the

user’s inner or outer life the query is directed at. Belief-

oriented tasks include understanding intentions and mak-

ing normative judgments, while action-oriented tasks in-

clude creating plans or writing. This enables us to under-

stand the specific contexts in which people are using LLMs

as oracles across different domains.

• Framing: Does the query treat the LLM as an ora-

cle? This dimension characterizes the extent to which the

user offloads their judgments or decisions to the AI. Ora-

cle queries tend to ask the LLM to supply an interpretation,

judgment, decision, or script. In contrast, non-oracle queries

ask the LLM for information or technical assistance that the

user may then use themselves to produce an interpretation,

judgment, decision, or script.

The typology comprises the following roles: for (1) understand-

ing oneself or others, we differentiate between the LLM as an In-

terpreter versus a Contextualizer ; for (2) normative judgment, we

identify the roles of Evaluator versus Deliberator ; for (3) choos-

ing or planning to act, we differentiate between Decision-maker

versus Strategist; and for (4) action execution, we differentiate be-

tween Ghost-writer and Editor. The alternative non-oracle roles—

Contextualizer, Deliberator, Strategist, and Editor—demonstrate how

LLMs can support user reasoning and decision-making without

having the user entirely offload her judgments. Rather than aiming

to eliminate ambiguity and uncertainty, LLMs can preserve them

by surfacing multiple interpretations, laying out competing consid-

erations, and presenting options for users to evaluate themselves.

A note on comprehensiveness. Our typology is not meant to ex-

haustively all possible user prompts or requests, but is rather meant

to categorize and differentiate among Oracle uses. It excludes

factual tasks, creative writing, translation, and agentic tasks, and

instead focuses on queries that involve personal or interpersonal

subjects, broadly defined to encompass any query where personal

preferences, values, norms, or particular context might be salient.

Our taxonomy is created both top-down (from existing works) and

bottom-up (annotating and discussing randomly sampled queries

from three datasets), but there may be a long tail of rare use cases

that we do not cover [11].
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Task Oracle role Examples Non-oracle role Examples

B
e
l
i
e
f
s

U
n
d
e
r
s
t
a
n
d
i
n
g

s
e
l
f
o
r
o
t
h
e
r
s

Interpreter: Interprets a situation or

dynamic; another person’s behavior or

words; or the user’s own emotions,

motives, or patterns of behavior.

1. “Does this text mean that she is upset?”

2. “Why do I keep procrastinating?”

Contextualizer: Generates multiple

possible interpretations or broadens the set

of explanations the user is considering.

1. “What are a few ways this text could be

interpreted?”

2. “List common reasons for procrastination”

N
o
r
m
a
t
i
v
e

j
u
d
g
m
e
n
t Evaluator:Makes an assessment, e.g.,

judgment of whether something is

appropriate, justification of an action, or

future-looking prediction.

1. “Am I being unreasonable for setting this

boundary?”

2. “Was my manager unfair to criticize me?”

Deliberator: Explains relevant

considerations and different perspectives

without deciding which judgment is

correct.

1. “What perspectives might different people

have on setting this boundary?”

2. “What factors might shape whether my

manager’s criticism was fair?”

A
c
t
i
o
n
s

C
h
o
o
s
i
n
g

a
n
a
c
t
i
o
n Decision-maker:Makes or approves a

decision for the user, or selects a single

course of action.

1. “What should my fitness goals be?”

2. “Make a plan for what I should do this

evening.”

Strategist:Maps out possible approaches,

generates options, or projects

consequences without selecting for the

user.

1. “What are some approaches for identifying

fitness goals?”

2. “What are some options for how I could

spend this evening?”

A
c
t
i
n
g

(
w
r
i
t
i
n
g
) Ghost-writer: Determines what to say

and produces the text for the user.

1. “Write a text telling her I can’t make it.”

2. “Draft an email asking my professor for an

extension because I am sick.”

Editor: Revises text supplied by the user

that already contains the substance of what

the user wants to communicate.

1. “Here is my draft, make it warmer but still

firm”

2. “Can you make my email more concise”

Table 1: Our role typology captures different forms of reliance on AI for subjective personal questions. For each task, we present

an Oracle roles and an non-oracle alternative role.

3.3 LLM judge for Oracle user prompts

We next develop an LLM judge to classify user queries into one

of the eight roles described above or an NA category, where no

role is applicable. The NA category is an umbrella category for

any prompts that are not subjective personal questions, including

factual questions, creative writing, context sharing, etc.; in practice,

we expect the majority of prompts to be categorized as NA.

To perform this classification, we prompt an LLM with defini-

tions and in-context examples for each role. The full LLM judge

prompt is provided in Appendix A. To validate each LLM judge, two

expert annotators independently classified queries for a stratified

random sample of 219 examples from our datasets (30 examples for

each role and for NA; some categories had fewer than 30 examples

total). Each expert annotator had substantial agreement with the

LLM (𝜅 > 0.65). The annotators also had substantial agreement with

each other (𝜅 = 0.67), reflecting the inherently subjective nature

of the task (e.g., deciding which role is dominant when a message

might include multiple). We used Gemini-2.5-Pro as our main LLM

judge, and we validated that other models perform comparatively

and thus can be used interchangeably, with 𝜅 = 0.66 − 0.70 (Table

A1). The raw agreement rate was > 0.70 in this 9-way task (random

chance would be 0.11); and Fleiss’s 𝜅 among all three annotators is

0.66. Since the annotated sample also included examples from the

NA category, this helps validate that our typology is comprehensive

and covers most of these patterns in the data. One annotator labeled

an additional random sample of 100 queries that were labeled as NA

by the LLM judge, and found that 98% were indeed not applicable,

further validating the judge’s coverage.

In the following sections, we use this typology and validated

LLM judges to understand (1) temporal and demographic trends in

Oracle use (Section 4), (2) whether this use is intentional (Section

5), and (3) relevant causal factors, and how these causal factors can

motivate interventions (Section 6).

4 Evaluation 1: Tracking the prevalence of

Oracle use

We first use our typology to characterize Oracle in existing real-

world usage datasets (Section 4.1). Since these curated datasets may

not fully reflect real-world use by everyday users [70], we augment

this analysis by developing a privacy-preserving data donation

tool to analyze individuals’ personal usage logs, obtaining multiple

years of conversation histories from 52 users (Section 4.2).

4.1 Oracle use in public LLM usage data

First, we measure Oracle use by applying our LLM judge on two

real-world usage datasets:WildChat and ThoughtTrace.Wild-

Chat [41] is a dataset containing 3.2M conversations between hu-

man users and different ChatGPT models (excluding the 1.5M that

were filtered as toxic) spanning February 2023 to May 2024. We

filtered this dataset further by only using conversations tagged as

English (1.8M) and then running a broad, permissive LLM-judge-

based filter for whether the queries had any personal or subjective

element to exclude purely factual queries, creative writing requests,

etc. (the prompt for this LLM judge is in Appendix A). This resulted

in 60,376 user prompts and LLM responses. While WildChat has

been critiqued for not being representative of broader LLM use, as

it over-represents power users [70] and lacks demographic data,

it is one of the few public datasets that captures diverse, real user

behavior over time [63]. Similar to [134], we removed an anomaly

where a user sent > 800 nearly-identical queries on a single day.

ThoughtTrace [85] is a dataset of 8,526 prompts and responses

in 2,155 real-world multi-turn conversations from 1,058 users across

diverse topics, spanning culture and lifestyle; education and knowl-

edge, business and society; health and relationships, etc. This dataset

thus reflects use of LLMs for practical everyday concerns as well

as professional, informational, and learning-oriented uses in sub-

jective personal questions. While this dataset is limited in size and

temporal scope relative to WildChat, it provides demographic in-

formation and more recent data (collected in 2026) on how people

interact with state-of-the-art models.

Relative prevalence of different roles (Figures 2 and 3, left). In

both WildChat and ThoughtTrace, the majority of prompts are

not applicable—18% and 38% are classified as subjective personal

questions under one of our eight roles respectively (Figure A2).

Many prompts relate to creativewriting [63], coding, factual queries,

or are not questions [41], which may be why this phenomenon has
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Significant Temporal Trends in WildChat

Interpreter: r = 0.55, p = 0.041
Evaluator: r = 0.55, p = 0.041
Strategist: r = -0.72, p = 0.004

Figure 2: Oracle use in WildChat. Left: Among subjective personal questions in WildChat, LLMs are primarily used for

writing/editing, followed by interpretation and decision making. The belief-related tasks of interpretation and judgment are

dominated by Oracle (O), while the action-related tasks are more split between (O) and non-oracle use (N). Right: Oracle roles

Interpreter (violet) and Evaluator (cyan) are significantly increasing over time (both Pearson’s 𝑟 = 0.55, 𝑝 = 0.041), while

uses of LLM as a non-oracle Strategist (green, dashed) are decreasing (𝑟 = −0.72, 𝑝 = 0.004). Shading indicates 95% CI. Results

including the NA label are in Figure A2.
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Figure 3: Oracle use in ThoughtTrace. Left: Among subjective personal questions in ThoughtTrace, LLMs are primarily used

for the task of choosing to act (decision-making or strategizing). Similar to WildChat, the belief-related tasks are dominated

by Oracle use (O), while the action-related tasks are more split between (O) and non-oracle use (N). Right: In ThoughtTrace,

younger people, men, and more frequent users of AI have significantly higher rates of Oracle. On each box plot, the dot

indicates the mean. Running a regression, we find that gender and age are the main predictors of oracle use (Fig. A3)

been relatively unnoticed. Our typology reveals that the distribution

of Oracle roles differs by task type (targeting users’ beliefs vs.

their actions). Tasks related to users’ beliefs—of understanding self

or others and normative judgment—are dominated by Oracle (>90%

Oracle in both datasets), while tasks related to users’ actions—

either choosing an action or executing one—have a more even split

(choosing 44%, 45% Oracle; executing 56%, 52% respectively).

Temporal increases in Oracle roles (Figure 2, right). In Wild-

Chat, there are significant temporal increases in the relative pro-

portion of Interpreter (𝑟 = 0.55, 𝑝 = 0.04) and Evaluator

(𝑟 = 0.55, 𝑝 = 0.04) (both Oracle), and a significant decrease in

the non-oracle role of Strategist (𝑟 = −0.72, 𝑝 = 0.004). The sig-

nificant increase in Interpreter proportion holds relative to all

other prompts, including ones labeled as NA (𝑟 = 0.65, 𝑝 = 0.01,

Figure A2), though no other trend beside the Interpreter increase

has statistical significance at the 5% level when compared to all

other prompts. The only task without significant temporal trends

is executing actions (writing/editing).

Demographic differences in Oracle use (Figure 3, right). An or-

dinary least-squares regression accounting for the effects of gen-

der, age, education, AI use, and prompt topic shows that gender

and age are significant predictors of Oracle use in the Thought-

Trace data. In pairwise contrasts, men have significantly higher

rates of Oracle use compared to women (Welch’s 2-sample 𝑡-test,

𝑡 = −3.343, 𝑝 < 0.001). Younger people exhibit Oracle significantly

more than older people: those under 34 use it significantly more

than those over 34 (𝑡 = 2.73, 𝑝 < 0.01). People who use AI at least

once a week exhibit Oracle use significantly more frequently than

those who do not use AI regularly (𝑡 = 2.37, 𝑝 = 0.02). We do not

find significant differences by education level or topic (Figure A3).

4.2 Oracle in individuals’ private usage data

Datasets like the ones we analyze above are unlikely to be represen-

tative of how the broader public actually interacts with AI systems

for several reasons. User behavior in experimental settings sub-

stantially diverges from behavior in private use, and social stigma



LLMs as Oracles: Reliance on LLMs for Subjective Personal Questions

0.0 0.1 0.2
% of subjective personal questions

Editor (N)

Ghost-writer (O)

Strategist (N)

Decision-maker (O)

Deliberator (N)

Evaluator (O)

Contextualizer (N)

Interpreter (O)

0.15 (4,472)

0.11 (3,431)

0.22 (6,725)

0.27 (8,239)

0.00 (126)

0.12 (3,641)

0.00 (147)

0.13 (3,864)

Donated Data Role Distribution

2023 2024 2025 2026

0.2

0.3

0.4

0.5

0.6

0.7

%
 o

f s
ub

je
ct

iv
e 

pe
rs

on
al

 q
ue

st
io

ns

r = 0.80, p < 0.001
Donated Data: LLM-as-oracle use over time

2023 2024 2025 2026
0.0

0.2

0.4

0.6

0.8

%
 o

f s
ub

je
ct

iv
e 

pe
rs

on
al

 q
ue

st
io

ns

Donated Data: Significant temporal trends in roles
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Figure 4: Oracle use in donated data from 52 participants. Top left: Similar to WildChat and ThoughtTrace, belief-related

tasks are dominated by Oracle roles (O) rather than non-oracle roles (N). Decision-maker is also a prominent role. Top middle,

right: People use LLMs increasingly as oracles over time, particularly as Decision-maker (𝑟 = 0.72, 𝑝 = 0.002) and Interpreter

(𝑟 = 0.92, 𝑝 < 0.001). The non-oracle role of Strategist is significantly decreasing (𝑟 = −0.63, 𝑝 = 0.009). Shading represents 95% CI.

Bottom row: Oracle by individual participant traits of gender, age, and use of AI for advice. On each box plot, the dot indicates

the mean.

surrounding AI use discourages users from making their conversa-

tions with AI available for study [79, 159, 169, 170]. To address these

limitations, we collect longitudinal data on people’s real-world in-

teractions in a privacy-preserving manner [50]. Specifically, we

built a data donation tool where people can upload their chat histo-

ries from ChatGPT or Claude, and then receive LLM-judge-based

analyses of their usage including their different domains of use,

rates of Oracle versus non-oracle usage, and longitudinal trends

in each. In addition to enabling our analyses, this tool allows users

to reflect on their own AI use.

4.2.1 Method. In an IRB-approved study, we recruited a total of

52 U.S.-based, English-speaking participants from Prolific. Through

a pre-study survey, we filtered for participants who regularly use

Claude or ChatGPT for personal or subjective use cases and had

more than 50 previous conversations with a conversational AI

system. Of the 932 Prolific participants who started the survey,

139 (15%) met these criteria and were allowed to proceed to the

donation task, and 52 of them returned to complete the full study.

We asked participants to indicate which roles they had used

AI in and rank their relative frequency. Participants were then

given instructions to download their usage data and asked to return

the next day (or a few days later, after they received their usage

data) to upload their data into our data donation tool. We then ran

our LLM judge on participants’ data. Once the analysis is complete,

participants viewed five screens of visualizations summarizing their

usage patterns (examples are in Figure A8).

We made several design choices in both the survey and web

interface to aid user understanding and avoid priming participants

toward a particular normative stance. First, to avoid social desir-

ability bias, we only asked users to describe or select benefits of

their AI use, and never list out or suggest possible harms. Second,

we presented the concepts of Oracle and the different roles us-

ing simpler language, such as using “Tell me what to think or do”

versus “Help me work it out myself” for Oracle and non-oracle

use respectively (Tables A3 and A4). Third, we pair elements of

each interactive visualization with example prompts drawn directly

from the participant’s own conversation history, grounding the

classifications in concrete examples of their own behavior. Finally,

the visualizations are ordered to slowly build up a complete picture

of usage patterns instead of introducing many analysis aspects at

once: (1) prevalence of each domain; (2) domain shift over time; (3)

balance between “tell me what to do” (Oracle) vs. “help me think”

(non-oracle) usage by domain; (4) how this balance has changed

over time (with the option of filtering by domain); and (5) the top

role types and domains within each framing. Finally, participants

were asked to download a JSON file of the labeled data (which

contains only LLM judges’ outputted labels without any actual

conversations) to share with us for analysis. Afterward, they were

asked about their reactions to the insights presented (e.g., whether

it was accurate, surprising, useful), as well as any changes they

would like to make in their future use.

4.2.2 Longitudinal and demographic trends (Figure 4). We analyzed

140,834 messages donated by 52 participants and sent between

December 2022 and August 2026. Similar to the public usage data,

tasks related to users’ beliefs are dominated by Oracle, while tasks

related to actions are more split.
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Overall, participants increasingly used LLMs as oracles. To

examine trends over time, we grouped participants’ messages into

successive chunks of three-month periods. We find stronger tem-

poral trends than in WildChat: the proportion of Oracle prompts

increased steadily in this four-year time period (𝑟 = 0.80, 𝑝 < 0.001).

Specifically, the relative proportion of Decision-maker and Inter-

preter messages increased significantly over time (𝑟 = 0.72, 𝑝 =

0.002; 𝑟 = 0.92, 𝑝 < 0.001, respectively), while the non-oracle role of

Strategist decreased (𝑟 = −0.63, 𝑝 = 0.009). Full details and robust-

ness checks are in Figure A4. These findings suggest that people

are increasingly offloading beliefs, judgments, and decisions to AI.

Demographic and domain trends. In a participant-level regression

of Oracle prompt proportion on demographics (age, gender, AI

use frequency, etc.), we find that age was negatively but marginally

associated with Oracle, though this did not reach significance

(𝑏 = −2.1 pp per SD of age band, 95% CI [-4.2, 0.1], 𝑝 = 0.061).

The trends are in similar directions as in ThoughtTrace, though

our small sample (𝑛 = 52) limits power. Notably, those who report

using AI for advice daily have higher rates of Oracle. Further

demographic breakdowns are in Figure A6. We also did not find

significant differences by domain, e.g., “work and career” and “social

and relationship” queries had similar rates of Oracle prompts,

though the specific roles differ, with more belief-related questions

in the latter (See App. C.1 for more details).

5 Evaluation 2: Understanding whether people

intend or know of their Oracle use

Participants self-reported their AI use before using our data do-

nation tool and seeing our analyses of their data. The participant-

facing question wording is in Table A4. Comparing people’s self-

reports to their donated interaction histories, we find large discrep-

ancies. We also collected donors’ reflections on their AI use and

intentions after seeing the visualizations we provided, revealing

that participants often want to use LLMs less as oracles.

Comparing self-reported versus actual use (Figure 5). Compared

to what is revealed in their donated data, participants’ self-reports

overestimate their non-oracle use and underestimate their Ora-

cle use. When a non-oracle role was self-reported by a participant

as one of their top three uses, it was actually in the participant’s

bottom three observed uses 40% of the time. This happened only

12% of the time for Oracle roles. Conversely, when an Oracle role

was in a participant’s top three actual observed uses, this same role

was either in the bottom three or absent from the self-report 48% of

the time (versus 17% for non-oracle roles). This trend holds when

we aggregate all the roles as well (rather than participant-level

analysis): Decision-maker (Oracle role) is ranked fourth in self-

report but first in actual prevalence, while Deliberator (non-oracle

role) is ranked second in self-report but second-to-last in actual

prevalence. Only 12 of 52 participants correctly reported their most

frequent role. This discrepancy suggests that Oracle use may be

an accumulative, “boiling frog” phenomenon [89]: like the myth

of a frog slowly boiling in heated water, people may not realize

the frequency or negative impact of their increasing Oracle use

because their usage evolves gradually over time.

5.1 Participants are surprised by their AI use

trends and often set intentions to reduce

Oracle use.

People are generally poor at estimating howmuch they use AI [165]

and social media [156], and much of this use is “absent-minded”

engagement that users do not consciously register [8]. Users also

may not realize the extent of their reliance on AI because LLMs

may feel helpful in the moment and because people do not enjoy

reflecting on things that threaten their self-image [71, 143, 149].

However, feelings of agency over social media usage are a signifi-

cant predictor of well-being [103, 104], pointing to the importance

of supporting human agency in technology design [145].

Our privacy-preserving data analysis tool is a possible vector

for promoting more agency over AI use, as it gives participants

the opportunity to reflect on their own AI usage and its evolution

over time. After viewing their usage patterns, participants rated

five statements about the report on a 7-point scale from strongly

disagree (1) to strongly agree (7). Results are in Figure 5 (right).

Participants generally characterized the trends as accurate, infor-

mative, yet surprising: the report accurately reflected how they use

AI (𝑀 = 5.94, 𝑆𝐷 = 1.06), they learned something new (𝑀 = 6.12,

𝑆𝐷 = 1.11), they found it personally useful (𝑀 = 5.98, 𝑆𝐷 = 1.02),

and some parts surprised them (𝑀 = 5.33, 𝑆𝐷 = 1.72). Agreement

that the report made them think more carefully about how they

use AI was more mixed (𝑀 = 4.83, 𝑆𝐷 = 1.92). When asked how

their current use compares with the amount they would ideally

want (1 = much less than they want, 4 = about right, 7 = much

more than they want), 25 of 52 said that they are currently using

AI about the right amount, 23 said that they use AI more than

they would like, and 4 said that they use it less than they would

like (𝑀 = 4.62, 𝑆𝐷 = 1.12). Finally, when asked how they would

prefer an AI system to respond to subjective personal questions (1

= tell them what to do, 4 = an equal balance, 7 = help them reach

their own conclusion), the largest group wanted an equal balance

of direction and support for their own judgment (24/52), with 22

leaning toward being helped to reach their own conclusion and 6

toward being told what to do (𝑀 = 4.71, 𝑆𝐷 = 1.29).

Insights from open-ended responses. Beyond our survey measures,

participants answered two open-ended questions: their reactions

to their usage trends, and their future intentions for AI use. Two

authors qualitatively coded these open-ended responses to provide

more nuanced insights. Among people’s open-ended reactions, we

found that 51 of 52 (98%) accepted the analyses as accurate, and 35

of 52 (67%) of responses expressed surprise, e.g., “I did not realize

how much I guess I rely on the AI to tell me what to think or do. I

knew I used it a lot, but not 66% of the time!” Several reacted with

discomfort, e.g., “I kind of felt a little gross seeing that I asked the

AI what to do more than asking it to help me work things out for

myself.” One participant connected their use directly to autonomy:

“Am I taking away my own autonomy and giving it to ChatGPT? I

think I get decision overwhelm and want something else to take

care of that for me.” Others connected it to their self-attributes, like

“I’ve asked AI to help me with what to think or do more often than

I realized. I know why though. I doubt myself a LOT and I worry

about whether or not I’m going to do or say the right thing. I think
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Figure 5: Differences between participants’ self-reported use of LLMs versus their actual data (left, middle). People underestimate

their Oracle use and overestimate their non-oracle use. Reactions to the report (right). People found our analyses to be accurate

(𝑀 = 5.94), informative (𝑀 = 6.12), and often surprising (𝑀 = 5.33). Dot on each box plot represents the mean.

this report was quite accurate.” Another participant noted that their

Oracle use depends on their circumstances, e.g., when in a crisis:

“when I’m under stress, or facing big decisions in my life, I tend

to just ask AI to make decisions for me. When life goes back to

normal, I tend to want to figure things out for myself.”

When asked to describe one change they would make, the most

common response was an intention to reduce reliance on LLMs as

oracles (19/52). Among these, some articulated a desire to shift their

own decision-making process (16/52), e.g., “I think I’m going to

try to not have so much self-doubt moving forward and follow my

gut instincts”, while others expressed a desire to change how they

interact with or prompt the LLM (3/52), e.g., “I want to have the

models workmore interactively with me through conversations and

questions instead of just straight up giving me answers or options.”

One participant set the intention to “be more purposeful, meaning I

will think about what prompts to craft before asking AI. Right now

I just type what comes to my head,” suggesting that this type of AI

use has become so integrated that one may not even realize how

they turn to AI to offload the belief- and decision-making process.

Two participants mentioned a sense of obligation to use AI: one said

“I don’t know why, but [asking AI to help me work things out on

my own] never felt like an option” while another lamented that “as

much as I know I need to use it less it’s kind of unavoidable given

my [work] situation.” Some participants described their intention

to disclose less personal information to AI systems (6/52), e.g., “I

think I shouldn’t asking too much about my personal life”. On the

other hand, some participants also said that they wanted to expand

their AI use (7/52), and 6/52 had no intention to change.

Our findings suggest that Oracle use is often not intentional,

and when realized, users express a desire to shift away from it.

What, then, drives Oracle use? We next explore two causes.

6 Evaluation 3: Identifying causes of Oracle

use and designing interventions

We conducted two empirical studies to investigate possible causes

of Oracle use: (1) people’s perceptions of AI and (2) LLM behavior.

For (1), we conducted a preregistered human experiment in which

participants were randomly assigned to discuss an upcoming per-

sonal decision with an interlocutor that they perceived as either AI

or human (Section 6.1). For (2), we analyzed interaction logs from

a 3-week longitudinal study where people were randomly assigned

to interact with a sycophantic, affirming AI; a challenging AI that

provided pushback; or a balanced one that did neither (Section 6.2).

Our findings suggest that model behavior directly impact subse-

quent Oracle use, inspiring our interventions to make LLMs less

oracular in Section 6.3.

6.1 Do perceptions of AI drive Oracle use?

People consistently come to AI with different expectations than

they have for people. Prior work has found that people expect AI

to be more objective and correct [31, 32, 58, 77, 88], making them

more susceptible to influence from AI, and has highlighted the

impact of perceptions on users’ interaction with technology [57, 92].

We conduct a preregistered experiment to investigate how these

perceptions affect Oracle use by measuring how people interact

with AI differently than they would interact with a human
4
.

Method. We conduct a preregistered experiment (𝑁 = 520) with

two conditions: one where participants conversed with an AI sys-

tem and one where they conversed with a perceived human about

a decision they are uncertain about. We recruited a sex-balanced

sample of U.S.-based participants from Prolific. Participants chose

a topic from a list organized under two categories (the top two

domains from our data donation study: Social & Relationships and

Work & Career), indicated which way they were currently leaning

on their decision, and wrote an initial message to their conversation

4
Preregistration link: https://aspredicted.org/x6k7vf.pdf

https://aspredicted.org/x6k7vf.pdf
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Figure 6: Interacting with AI results in more Oracle use than interacting with a perceived human. In our preregistered

experiment, we find that participants sent more Oracle messages to an AI than to a perceived human (left). In this study, this

is primarily driven by a difference in Decision-maker rates (middle). Participants who provided warmer and more positive

metaphors of AI also sent more Oracle messages (right). Error bars reflect 95% CI.

partner on their dilemma. The list of possible topics is in Table A5.

In the AI condition, participants were randomly assigned to interact

with one of three state-of-the-art models (GPT 5.6 Sol, Claude Opus

5, or Gemini 3.1 Pro) to avoid overgeneralizing to the behavior

of a single model [52, 125]. In the human condition, participants

were told they were interacting with another Prolific participant,

when in fact they were interacting with an LLM (one of the same

three models) instructed to role-play as a human participant. To in-

crease believability, we introduced varied time delays for matching

and message delivery. We assessed participants’ belief that their

conversation partner is human at the end of the study and report

analyses both for the full sample and excluding those who found

the human condition unbelievable
5
. Following an interaction of

6-8 turns focused on the selected topic, participants re-indicated

the direction they were leaning on their decision and answered

questions about their perceptions of their conversation partner. We

then ran our LLM judge on the conversations to compare rates of

Oracle messages across conditions.

Results: LLMs are treated as more Oracle than humans

are (Figure 6, left). We find that participants in the AI condition

sent more Oracle messages than those in the perceived human

condition (20.0% vs 11.1% of all messages, p < 0.001) and were more

likely to send at least one (65.4% vs 51.2%, OR = 1.80, p = 0.001) or

two or more (38.3% vs 20.5%, OR = 2.42, p < 0.001) Oracle messages

. This difference was driven by a higher rate of Decision-maker

requests in the AI condition (13.9% vs 8.1% of messages in the

perceived human condition), likely due to the decision-oriented

topics that the participants were asked to discuss.

People with warmer and more positive perceptions of AI

have more Oracle use (Figure 6, right). Within the AI condition,

we additionally collected people’s metaphors of AI before they

interacted with the AI system. Metaphors have been used to elicit

conceptualizations of AI more reliably than self-reports [18, 30]. We

used a validated LLM judge (see Appendix A) to rate each metaphor

with its warmth and valence on a 1-5 scale, finding that participants

5
This deception was IRB-approved, and participants were debriefed after the study.

who provided warmer or more positive metaphors were also more

likely to send at least one Oracle message. Specifically, a one-

standard-deviation increase in warmth and valence was associated

with 55% and 34% higher odds of sending an Oracle message

respectively (OR = 1.55, 95% CI [1.18, 2.04], p = 0.001; OR = 1.34,

95% CI [1.04, 1.73], p = 0.026). Details are in Appendix D.

Together, these two results present an interesting tension: Or-

acle may occur because perceptions of LLMs are different from

those of humans: AI is typically viewed as more correct, objective,

and informational [88, 93]. Yet, participants with warmer—a quality

typically associated with humans rather than machines—and more

positive perceptions of AI also use LLMs more as Oracle. This

points to the current public perceptions of AI—as both increasingly

warm, yet as competent as ever [30], rather than either alone—as a

source of increasing Oracle use.

6.2 Does biased model behavior drive

Oracle use?

Next, to understand how AI model behavior may lead to more Or-

acle use, we analyzed interaction logs (11,273 conversations with

95,405 messages from 1,015 individuals) from a 3-week longitudinal

study where a US census-representative sample of Prolific partici-

pants regularly interacted with either a sycophantic AI chatbot that

affirmed them; a challenging AI that contradicted them; or a bal-

anced AI that was neither sycophantic nor challenging [77]. While

there are likely other elements of model behavior that influence

Oracle use (tone, proactivity, etc.), we use this study as an existing

source of longitudinal data where we can causally isolate the role

of different model behaviors, and thus focus on AI outputs that are

biased towards or against the user’s stance.

Results: Sycophantic and biased AI increases Oracle use

(Figure 7). Overall, participants who were assigned to interact with

either the sycophantic or challenging AI had higher rates of Or-

acle use than in the balanced baseline (5.4% and 5.5% vs 4.4%,

𝑝 < 0.001). In the sycophantic condition, Oracle use significantly

increased across the 3-week period (Pearson’s 𝑟 = 0.62, 𝑝 = 0.03),

while those in the balanced condition did not (𝑟 = 0.40, 𝑝 = 0.19).
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Figure 7: Biased AI models result in more Oracle. In the sycophantic condition, Oracle significantly increased over time

(𝑟 = 0.62, 𝑝 = 0.03). There was also a weaker increase in the challenging condition (𝑟 = 0.55, 𝑝 = 0.06). In the challenging condition,

this was primarily driven by an increase in the Evaluator role; in the sycophantic condition, this was primarily driven by an

increase in the Interpreter role. Shading reflects 95% CI.

Those in the challenging condition overall had an increase, though

it did not reach significance (𝑟 = 0.55, 𝑝 = 0.06). This is primarily

driven by a longitudinal increase in participants using the AI as In-

terpreter in the sycophantic condition. On the other hand, in the

challenging condition, there is a significant longitudinal increase

in people using AI as Evaluator. The sycophantic AI—the model

Ibrahim et al. [77] found makes people feel the most understood—

is the one that users gradually turned to more for interpreting

themselves, their relationships, and the world around them. The

challenging AI was designed to respond in normative ways, and

thus participants used it more as an Evaluator of normative judg-

ment. These findings suggest that AI behavior has a meaningful

influence on how people then use it, and thus that Oracle is not

inevitable. Rather, by changing model behavior, we may be able

to shift users’ Oracle behaviors.

6.3 Can we design interventions that produce

less oracular model behavior?

Our finding that biased model behavior drives Oracle use moti-

vates exploring how LLM behavior can be changed to reduce this

phenomenon. Beyond the broader interest in mitigating biased and

sycophantic AI behaviors [10, 32, 53], we present two interventions

to target Oracle use specifically: (1) prompting LLMs to account

for different user goals; and (2) for open-weight models, additional

post-training via Direct Preference Optimization (DPO) [137] to

discourage oracular responses.

Labeling responses as oracular. To reduce oracular responses, we

first need to define and measure oracular responses. We define

oracular responses as those that supply an interpretation, deci-

sion, or script directly to the user, offloading the act of judging

or deciding. In contrast, non-oracular responses instead provide

information or technical assistance that facilitates the user’s inde-

pendent judgment. This is distinct and separable from qualities like

informativeness, helpfulness, and empathy. For example, if a user

asks an Oracle question, like Should I do a PhD?, a response that is

not oracular might be to provide support and encourage reflection;

another response that is also not oracular would be to provide fac-

tual information about PhD programs. An oracular response could

be to advise the user to do a PhD, with or without factual evidence

for why it is the best course of action. While oracularity is in reality

a spectrum, here we make a simplifying assumption and use binary

labels of responses as oracular or not.

We built an LLM judge to classify whether a given LLM response

is oracular, following a similar procedure as in Section 3.3 with

definitions and in-context examples. We validated this judge using

the responses to the prompts in our datasets, including confirming

that the biased AI responses are more oracular (Figure A9)
6
. This

judge had substantial agreement with two human annotators and

across three different LLMs: the two annotators had Cohen’s 𝜅 =

0.72 with each other, and 𝜅 = 0.64 and 0.66 with the LLM. We again

used Gemini-2.5-Pro as our main judge, but also validated with

other LLMs for robustness (Appendix A.1).

Intervention 1: Structured prompting to consider users’ goals. We

present two prompting approaches: hard-coded and adaptive. For

hard-coded, we append to each prompt a description of the user’s

goal, either self-discovery (“The user wants to figure the matter

out themselves...”), fast answer (“The user wants the answer as

quickly and directly as possible...”), or learning (“The user wants to

build durable understanding and skill, rather than merely receive a

finished answer.”). The adaptive approach is a two-step pipeline

where the LLM first outputs a selection of one among these three

goals before its response. Full prompts are in Appendix A. (Sim-

ply prompting models to reason about users’ long-term goals is

insufficient in reducing oracular behavior; see Figure A11).

Intervention 2: DPO. We first combined the prompt-response

pairs labeled withour typology from WildChat, ThoughtTrace,

and the longitudinal sycophancy datasets where the original re-

sponse is oracular. We then split these prompts into an 80%/10%/10%

train/validation/test split (6821, 805, and 903 examples, respectively).

To construct the preference data, we generated a response that is

6
Across these responses, we also find that the larger, more recent proprietary models

are more oracular than smaller open-weight models. Full details are in Appendix E.
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Reducing oracular LLM responses: prompting versus DPO

Adaptive choice HC self-discovery DPO

Figure 8: Intervention results on prompts where original model responses were oracular. Top: Adding a prompt that the user is

seeking self-discovery consistently reduces oracular behavior, while prompting the model that the user is seeking a fast answer

increases it (left). This is also true when the goal is selected by the model in the adaptive choice prompting pipeline as well

(right). Prompting the model that the user is seeking learning slightly reduces oracularity in both approaches. Bottom: Closed

models consistently and significantly assume that users are seeking fast answers much more frequently (49-58%) than open

models (0-8%) (left). Prompting and DPO have comparable rates of oracularity reduction (right).

less oracular using Gemini-2.5-Pro for each prompt in the training

set. Our preference dataset thus consisted of pairs where the pre-

ferred response is the newly-generated, non-oracular response and

the dispreferred response is the original oracular response.

Experiments. We tested both interventions on three closed mod-

els (Gemini-2.5-Pro, GPT-5.5, and Claude 4.6 Sonnet) and four open-

weight instruction-tunedmodels (Llama-3.1-8B, Qwen3-8B, Gemma

2 9B, Olmo 2 7B); and DPO on the open-weight models only, since

this intervention cannot be applied to proprietary models.

Results: Both prompting and post-training reduce LLMs’

oracularity (Figure 8). We report the results of these interventions

on the DPO test set, in which every original baseline response is

oracular, as well as a random sample of 600 prompts stratified by

role, which includes prompts where the response is not oracular

(results for this random sample are in Figure A12). We find that each

hard-coded user goal significantly shifts LLMs’ oracular behavior

in the expected direction: prompting the model that the user is

seeking self-discovery significantly reduces oracular behavior. In

the adaptive choice prompting approach, we find that the larger,

proprietary models infer that users are seeking fast answers ≥ 50%

of the time, much more frequently than the open-weight models,

which may help explain why their responses are more oracular.

DPO results in comparable rates of oracular reduction to prompting.

Tradeoff between quality and oracularity. We assess response

quality with the ArmoRM reward model [158]; and for DPO, effects

on overall model instruction-following quality using AlpacaEval

[45]. There appears to be a tradeoff between quality versus oracu-

larity: models that reduce oracularity the most are rated as lowest

in quality. Building on prior work recasting error as valuable signal

[55, 148] and discussing how LLMs “over-assist” with immediate

answers instead of asking clarifying questions or scaffolding the

user’s own self-discovery process [141, 146, 153, 168], we view

this as an opportunity to problematize how models are currently

optimized for immediate reward without considering long-term

impacts to users. The DPO models are more likely to ask clarifying

questions, but because this is less “immediately helpful”, this yields

lower reward scores. Full details are in Figure A13.

We further assess response quality by collecting preference labels

from 𝑁 = 200 Prolific crowdworkers, asking for their preference be-

tween oracular baseline responses vs. non-oracular DPO responses

(Full details in Appendix F.1). For immediate preference, oracular

baseline responses were preferred over the less oracular, DPO ones.

However, when crowdworkers were asked which response would

enable them to “develop their own interpretation", they preferred

the DPO response (Figure A14). This discrepancy further suggests

that oracularity is misaligned with goals of independent reasoning

and self-discovery.

7 Discussion

We characterize Oracle as a subtle yet pernicious form of reliance

on LLMs. Our approach and results provoke new considerations for

how we design and evaluate human-AI interactions more broadly.

Below, we articulate implications of our work, its limitations, and

future research directions.
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7.1 Broader implications for understanding and

evaluating human-AI interaction

Human-AI interaction as a feedback loop between human percep-

tions, model behavior, and interaction style. Our work motivates

evaluating human-AI interaction dynamics as the confluence of

many different factors [35]: we begin by measuring how people

prompt AI to reveal large-scale patterns, but also show how peo-

ple’s mental models and perceptions of AI as well as the AI outputs

themselves influence how people come to AI models, the types

of questions they ask, and the authority they confer to AI. Our

results suggest a feedback loop among these factors: models are

increasingly optimized for immediate helpfulness across-the-board

and thus are increasingly oracular in their responses (Section 6.3,

Appendix E). Oracular responses in turn invite Oracle use, and

because such interactions can receive higher user approval [143],

these prompts and ratings feed back into the signals models are

trained on. Currently, LLM development does not meaningfully

differentiate between prompts where the user should be helped im-

mediately versus ones where immediate help should be withdrawn

to facilitate users’ self-discovery process [153, 168]; our interven-

tions show howwemight incorporate such considerations into LLM

development. Understanding the interplay between model behavior,

user prompts, interface choices, and users’ biases is important for

being able to anticipate how human-AI interaction impacts users

[4, 108]. Our work demonstrates the utility of LLM-based tools in

revealing such phenomena at scale, as we develop validated LLM

judges and use them to identify longitudinal trends, causal factors,

and quantify the effectiveness of different interventions.

Accounting for unique perceptions of LLMs and cross-domain in-

fluence. Our characterization of Oracle captures simultaneous per-

ceptions of warmth, competence, and authority. In our preregistered

experiment, people sent nearly twice as many Oracle messages to

AI than to perceived humans, and those with warmer and more pos-

itive perceptions of AI sent more Oracle messages (Section 6.1). We

interpret these two results through the two classic dimensions of

social perception—warmth and competence [54]—and hypothesize

that LLMs are used as oracles because they are perceived as high

in both. People already expect AI to be more objective and correct

than humans [58, 88], and this expectation may bleed through from

AI’s informational uses into personal ones. Most AI systems are

built and marketed as general purpose, so they take on a variety of

implicit social roles [117, 154], and expectations formed in one role

can carry over into others [90]. For example, someone who finds AI

to be useful at providing seemingly hyper-personalized factual in-

formation may thus also expect the same helpfulness and certainty

in personal and subjective domains. Consistent with this, in our

analysis of usage data, we find that more frequent AI users have

higher rates of Oracle (Section 4.1), and that Oracle grows along-

side overall use (Section 4.2). Perceptions of warmth may further

encourage people to turn to AI for subjective personal matters.

Necessity of interaction paradigms beyond conversation. The per-

ceptual tensions that our work surfaces—where LLMs are simul-

taneously perceived as warm and human-like [36, 166], yet also

used as a machine that has a response to any question, even the

most personal and subjective—also stems from the conversational

interface format, which is currently the dominant paradigm for

human-AI interaction [152, 166]. Our findings motivate studying

other emerging forms of interaction like AI agents [65, 121] and

generative interfaces [22, 102]. Possible approaches may involve

systems that make useful inferences about users [142, 171] and

models trained to account for users’ longer-term goals [5] even

when users themselves cannot articulate them [151]. This also ne-

cessitates developing meaningful evaluations of the effectiveness

of these forms of interaction and their influence on users.

From outcomes-based to process-based evaluation of LLM behav-

ior. As LLM development increasingly focuses on performance in

verifiable domains such as math and coding [62, 68], our results

highlight the importance of attending to non-verifiable settings

where outcomes are defined not by correctness but by effects on

people. This is essential for capturing the wide range of use cases for

which the broader public is increasingly turning to AI systems [26].

Even within the topic of reliance, prior work has largely focused on

factual or verifiable settings [16, 136]. Our work both motivates and

demonstrates the need to shift from evaluating the correctness or

normative stances of LLM responses to evaluating how users come

to LLMs and how LLMs exert influence on users [106]: do they pre-

serve user autonomy and support informed decision-making [118],

or do they make users more dependent on LLMs [119]? How might

LLMs’ implicit values impact users’ beliefs and self-concept, espe-

cially in settings with no “right” or “wrong” answer [129]? How do

user prompts and model responses build off each other to facilitate

different overall effects [83]? These are important considerations

to incorporate into evaluations of human-AI interaction.

Designing user-facing interventions for appropriate reliance. We

have shown that users often do not realize their Oracle use and are

surprised by the trends in their own use. This suggests that reflec-

tion tools are promising for supporting more intentional use, help-

ing people notice and adjust their patterns to better align with their

goals [9, 34, 107]. Perceptions of AI are another possible point of in-

tervention: prior work has shown that interfaces andmetaphors piv-

otally shape how people interact with AI systems [43, 120], and we

find that warmer and more positive perceptions are associated with

increased Oracle use. We therefore encourage research on whether

intervening on perceptions can reduce excessive Oracle use. Our

work also motivates interfaces that calibrate expectations of LLM

capabilities, limitations, and blind spots [1, 4, 72, 98, 113], which in

turn can help people prompt LLMs more effectively [150, 166]. Ap-

proaches such as new design metaphors [18, 147] and added friction

[16, 37] point to further opportunities to promote self-discovery

[139] and support more conscientious use [12].

7.2 Limitations and future work

Studying broader populations. Online crowdworkers are not rep-

resentative of the general population [29, 126], and our data dona-

tion sample captures only people who had at least 50 conversations

with a conversational AI, excluding those who do not use AI reg-

ularly [172]. We only recruit English-speaking U.S.-based partici-

pants, reproducing WEIRD norms [69]. Our public datasets have

complementary limitations: WildChat over-represents power users

and lacks demographic data [70], while ThoughtTrace is a limited
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dataset collected at a single point in time. Due to the small sample

size of our data donation study, we lack the statistical power to

understand the individual traits that may differentially drive these

impacts [7]. It will also be critical to understand this phenomenon

within particular subpopulations, such as students and adolescents.

Thus, while our analysis lays the groundwork for studying an un-

derstudied phenomenon, investigating this type of AI reliance in

further depth is a crucial area for future work.

Isolating causal effects. In our preregistered experiment, the per-

ceived human interlocutor was an LLM, so differences between

conditions may reflect the partner’s response style, not just par-

ticipants’ preexisting perceptions of AIs vs humans. Our evidence

that model behavior shapes oracle use comes from a secondary

analysis of a study designed to test sycophancy, in which model

behavior was induced by prompting. We also evaluate our own in-

terventions with LLM-based methods (an LLM judge and a reward

model) rather than with users. Whether people accept or prefer less

oracular responses, and whether naturally occurring differences

between models or those our interventions produce shift oracle-

use prompts over time, therefore remains to be tested. Finally, the

temporal increases we observe cannot fully separate changes in

user behavior from changes in the models being used and in who

is using them. We devised methods to study the causal roles of

these components as observable from interaction logs, but there

are likely other factors we do not account for, such as a lack of AI

literacy (despite frequent AI use) [42], or because people generally

have good experiences with using AI for information-seeking [28],

which leads them to increasingly return to AI.

Measuring Oracle use and uptake beyond prompts. We conduct

our measurements using an LLM judge that assigns each user mes-

sage a single dominant role, collapsing what could be a spectrum

of oracle-use into a binary label. We also take a conservative ap-

proach, excluding self-disclosure and context-sharing, and do not

investigate how these uses may be correlated with or driven by

oracle-use. Our typology captures how people pose their questions

to AI systems, not what they do with the resulting answers, such as

whether the resulting answer actually influences the users’ beliefs

and actions. Additionally, we do not make normative judgments

on what questions are reasonable or unreasonable to outsource. As

discussed in the previous section, the legitimacy of a response’s

influence may depend on whether it preserved the user’s autonomy

and served their goals, neither of which can be determined from the

prompt alone. Distinguishing appropriate from excessive reliance

in subjective domains, and linking user prompts to advice uptake,

is an important direction of future work.

Causally measuring impacts of Oracle. Our work focuses on

describing and measuring Oracle use. While it is motivated by

concerns about possible harms and downstream impacts, we do

not demonstrate those directly. These harms may be especially con-

cerning because they are subtle: as our self-report results suggest,

people may not notice changes in their own reliance, let alone its

downstream effects. Relatedly, we do not test whether our tool

results in lasting behavioral change. Future work ought to measure

these impacts, and we provide the methodological tools to do so.

8 Conclusion

Our work provides large-scale measurement and understanding of

AI reliance for subjective personal use in real-world, open-ended

settings that have until now proved difficult to quantify. We have

shown that people are increasingly using LLMs as oracles, often

without realizing it, potentially replacing traditional forms of au-

thority and decision support [75]. Our work builds on concerns

of harms from increased dependence on AI [51, 133] and harms

to social relationships as people disclose more to AI and less to

other people [77, 111]. Though people tend to underestimate their

Oracle use, they express a desire to reduce it when they are made

aware of their usage patterns. Our work also points towards poten-

tial avenues to address these harms and motivates new training,

evaluation, and design paradigms. Our typology and measurement

tools enable further development of human-AI interactions that

promote users’ agency and long-term well-being.
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Appendix

The Appendix is organized as follows: Appendix A contains the

prompts for all LLM judges and their validation against human

annotators. Appendix B contains additional analyses of the two

public usage datasets (WildChat and ThoughtTrace), and Appen-

dix C provides additional details and results from the data donation

study, including a domain analysis and images of data donation tool.

Appendix D contains further results from the perceived human vs.

AI experiment. Finally, Appendix E contains further details on how

oracular current models’ responses are, and Appendix F presents

additional results for the interventions.

A Prompts for LLM Judges

For length reasons, the full code for labeling user prompts with a

role from our typology can be found at https://pastebin.com/raw/

BkdCLChH; this shares the same backbone for all other LLM judges

(with a different judge prompt for each).

The prompt for identifying personal or subjective messages in

WildChat is as follows:

Classify whether a single user message contains anything personal or subjective. This includes details about the

user or other people: preferences, emotions, identity, relationships, life decisions, health or well-being, values,

taste, subjective judgments, self-presentation, plans, practical constraints, or everyday life. Exclude fictional

creative writing, purely technical, generic factual, impersonal homework, generic business, coding, translation,

summarization, or objective lookup tasks unless the user’s message itself makes the task personal/subjective. Use

a broad, low threshold. Do not infer personal context without evidence in the message.

Output exactly 1 if the message contains anything personal or subjective. Otherwise, output exactly 0. Do not

output any other text.

The prompt for open-ended reasoning about LLMs’ goals, which

was ineffective at shifting LLMs’ oracularity, is:

Before responding, infer the user’s three most plausible LONG-TERM goals: durable outcomes, commitments,

or directions that may explain why this request matters beyond the immediate task. Do not merely restate the

current request, and do not infer sensitive traits. The three hypotheses must be meaningfully distinct, and their

probabilities must sum to 1.

The prompt for judging oracularity in LLM responses is available

at https://pastebin.com/raw/evGtpcve. Note that this prompt (and

the role prompt above) refers to the constructs of aleatoric and

epistemic uncertainty, though we later decided to simplify this

label to simpler binary labels of oracle/not. For the LLM responses,

we take outputs of reduction in aleatoric uncertainty ≥ 2 as

oracular.

A.1 Using LLM as judge

Tables A1 and A2 report pairwise Cohen’s 𝜅 for the role judge and

the oracularity judge, respectively, between the three LLM judges

and the two expert annotators (H1 and H2), whose annotation pro-

cedure is in the main text. We generally find substantial agreement

across both the LLMs and expert annotators.

Gemini-2.5-Pro GPT-5.5 Claude Sonnet 4.6 H1 H2

Gemini-2.5-Pro 1.00 0.65 0.66 0.71 0.65

GPT-5.5 0.65 1.00 0.62 0.65 0.56

Claude Sonnet 4.6 0.66 0.62 1.00 0.60 0.59

H1 0.71 0.65 0.60 1.00 0.68

H2 0.65 0.56 0.59 0.68 1.00

Table A1: Cohen’s 𝜅 between the two expert annotators and

three different LLMs shows substantial agreement on label-

ing roles in user prompts.

Gemini-2.5-Pro Claude Sonnet 4.6 GPT-5.5 H1 H2

Gemini-2.5-Pro 1.00 0.70 0.68 0.64 0.66

Claude Sonnet 4.6 0.70 1.00 0.66 0.52 0.59

GPT-5.5 0.68 0.66 1.00 0.61 0.60

H1 0.64 0.52 0.61 1.00 0.72

H2 0.66 0.59 0.60 0.72 1.00

Table A2: Cohen’s 𝜅 between the two expert annotators and

three different LLMs shows substantial agreement in almost

all pairwise configurations on labeling responses as oracular.

A.2 Warmth and Valence Judges

We validated the warmth and valence LLM judges with an expert

human annotator (psychology student) who labeled a stratified

random sample of 100 metaphors from the 507 metaphors that

participants provided. For robustness, in addition to Gemini 2.5 Pro

(our main LLM judge), we also tested GPT-5.5. We find that the

judge scores are well-aligned with the human annotations (AUROC

0.80-0.94; AUPRC 0.71–0.98) (Figure A1).

The prompt is as follows:

You are coding open-ended metaphors about AI.

Rate how the participant’s metaphor portrays AI on two independent dimensions. Use the metaphor together with

its "because" explanation. Score the portrayal in the text—not your own beliefs about AI. Use integer scores from 1

through 5.

1. warmth 1 = very cold, uncaring, hostile, exploitative, or threatening 2 = somewhat cold, detached, or impersonal

3 = neutral, mixed, or warmth is not implied 4 = somewhat warm, caring, friendly, supportive, or benevolent 5 =

very warm, compassionate, nurturing, loyal, or emotionally supportive Do not treat physical temperature as social

warmth.

2. valence 1 = very negative, harmful, dangerous, dystopian, or strongly disliked 2 = somewhat negative, concerning,

or harmful 3 = neutral, balanced, ambivalent, or valence is not implied 4 = somewhat positive, helpful, beneficial,

or liked 5 = very positive, transformative, wonderful, or strongly beneficial

Rules: - Score both dimensions independently; do not force them to agree. - When a dimension is genuinely

unspecified, use 3 rather than guessing. - Attend to negation, irony, mixed portrayals, and qualifications. - Give

one brief rationale for each score and one short evidence excerpt. - Return only valid JSON with this exact schema:

{ "warmth": 3, "valence": 3, "warmth_rationale": "brief reason", "valence_rationale": "brief reason", "evidence": "short

excerpt", "overall_confidence": 0.0 }

B Additional Results fromWildChat and

ThoughtTrace

This section reports additional analyses of WildChat and Thought-

Trace data. Figure A2 shows the main analyses reported in the text

but with NA prompts included. Under this stricter denominator, the

increase in Interpreter remains significant while the other tem-

poral trends are in the same direction, but do not reach significance.

Figure A3 provides breakdowns of Oracle in ThoughtTrace by

education level and prompt purpose (e.g., learning or coding). It also

includes a plot of coefficients from a multivariable OLS regression,

which finds that age and gender are the only significant predictors

of oracle use.

C Additional Information from Data Donation

Study

Our study was approved by the Stanford Institutional Review Board.

We paid participants at an hourly rate of $12.

C.1 Domain analysis

In the data donation study, we also use another LLM judge to label

each message with its domain, following the domain splits in other

reports of LLM use: (1) Work & learning, (2) Relationships & social,

(3) Health & fitness, (4) Mental & emotional, (5) Money, (6) Legal

& admin, (7) Leisure & hobbies, (8) Civic & current events, and

(9) Other. Since a conversation may span multiple domains, we

labeled domains at the message level: for each target message, the

https://pastebin.com/raw/BkdCLChH
https://pastebin.com/raw/BkdCLChH
https://pastebin.com/raw/evGtpcve
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Figure A1: Across both LLMs and both dimensions of warmth and valence, the judge scores are monotonically aligned with

human judgments of these dimensions.

judge is given a window of up to two user messages before the

target and two after it, including the assistant turns in between

to provide context and ensure accurate classification (truncated

to 4,000 characters to keep the length of the prompt manageable).

We found that relevant subjective personal questions were con-

centrated in two domains: Work & learning (14.7% oracle-use and

14.4% non-oracle-use queries; n = 40,530) and Relationships & social

(14.8% and 10.5%; n = 8,751). Our data further enabled investigating

how trends in Oracle differed across domains. We focus on the

period from September 2024 to August 2026 (two years of usage),

which was the longest unbroken stretch over which both of the

top two domains (Work & learning and Relationships & social)

carried enough messages for analysis (at least 40 messages in every

rolling three-month window). Figure A5 details the distributions.

We also test each trend by logistic regression of the role against

date over all messages. We find that use of Ghost-writer declined

(work ×0.80/year, p < 0.001; relationships ×0.41/year, p < 0.001) as

did Editor in both domains (work ×0.85/year, p < 0.001; relation-

ships ×0.52/year, p < 0.001), while Decision-maker rose in work

but not in relationships (work ×1.35/year, p < 0.001; relationships

×0.93/year, p = 0.369) and Evaluator rose in both domains (work

×1.49/year, p < 0.001; relationships ×1.31/year, p = 0.014).

C.2 Reasons for AI usage

To better understand what drives usage, we also asked participants

what they gain from using AI for personal uses. We find that partic-

ipants most frequently select the options that describe deliberation,

such as new perspectives or possibilities (83%), a clearer understand-

ing of the situation (77%), and a plan for what to do next (77%). When

we asked participants why they turn to LLMs for personal and

subjective queries, we find that reasons that concern convenience

were the most commonly selected such as AI is available when I

need it (81%) and AI is faster or easier than asking a person (65%),

followed by interpersonal reasons, like AI feels less judgmental than

asking a person (58%).

C.3 Data donation tool

Table A3 shows the simplified, participant-facing phrases used for

each of the eight LLM-as-oracle roles. Figure A8 shows the interface

with the visualizations that participants were shown after donating

their data.

Role Shown to participant

Oracle “Tell me what to think or do”

Interpreter “Tell me what something means”

Evaluator “Judge whether I was right”

Decision-maker “Decide what I should do”

Ghost-writer “Draft or word things for me”

Non-oracle “Help me work it out myself”

Contextualizer “Explain a topic or perspective”

Deliberator “Lay out my options”

Strategist “Map out approaches I could take”

Editor “Polish my writing”

Table A3: Mapping from role labels to the participant-facing

phrases used in the tool.

In the past 6 months, I have used AI to. . . Role

Explain why I or someone else thinks, feels, or acts a

certain way.

Interpreter (Oracle)

Suggest different possible explanations for someone’s

thoughts, feelings, or actions.

Contextualizer (Non-oracle)

Judge whether something is right, wrong, or appropri-

ate.

Evaluator (Oracle)

Help me get more information to make a judgment. Deliberator (Non-oracle)

Decide what I should do. Decision-maker (Oracle)

Help me think through possible options or next steps. Strategist (Non-oracle)

Decide what to say or write text for me. Ghost-writer (Oracle)

Improve or edit text that I wrote. Editor (Non-oracle)

I do not use AI in any of these ways. NA

Table A4: Participant-facing descriptions of roles in pre-data

donation survey.

D Results from Perceived Human vs AI study

Additional survey details. We recruited N=525 participants on

Prolific, 5 of whom failed the attention check, leaving N=520 in our

final sample (266 in the disclosed AI condition and 254 in the per-

ceived human condition). Before the interaction, participants first

answered a set of pre-study questions covering AI use, demograph-

ics, AI attitudes, and need for closure. Our study is IRB-approved,

and we paid participants at an hourly rate of $12.

No significant Oracle difference in first message. In our mixed-

effects logistic regression, participants in the disclosed-AI condition

had higher odds of producing an Oracle message overall (b = 0.763,

SE = 0.136, OR = 2.15, 95% CI [1.65, 2.80], p < .001). Examining only
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FigureA2: Top row: role distributions among all prompts, including prompts labeled asNA, forWildChat (left) andThoughtTrace

(right). Middle row: Overall trends in Oracle in subjective personal questions (left) and in all prompts (right). Bottom left:

temporal trends are weaker when including NA prompts in the denominator, though the increase in Interpreter remains

significant. Bottom right: Other trends are not significant temporally.

the first message accounts for the difference in model behavior

between the default AI system versus one prompted to be human-

like. We found no significant difference in Oracle rates in the first

message that participants sent (29.7% vs 26.4% of first messages, p =

0.40), though the result is directionally the same as when comparing

all messages.

People who used LLMs as oracles also shift more on their decisions

after the conversation. Participants who sent at least one oracle-

use message had larger decision shift (M = 1.16 vs 0.89, p = 0.006),

though there was no difference in decision shift between the human

vs. AI conditions (M = 1.06 vs 1.03, p = 0.80, d = 0.02). This provides

evidence that people who ask oracle-use questions are more suscep-

tible to influence, though this may be because they were initially

more open to influence (and hence asked an oracle-use question).

Perceptions of trustworthiness of the conversation partner did

not differ (M = 5.56 vs 5.68, p = 0.34), while response quality was

higher for disclosed AI (5.78 vs 5.46, p = 0.007). None of the pre-

registered individual difference measures predicted oracle use (all

Odds Ratios approx. 1.00, all ps > 0.33). After excluding 68 people in
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Figure A3: Details of Oracle by education, prompt topic, and individual trait regression on ThoughtTrace.

the perceived human arm who rated the roleplaying LLM as some-

what or very unbelievable, the decision shift null and difference in

oracle use remained significant, but the difference in perceptions

of message quality disappeared.

E Oracularity in current model responses

On the subset of prompts that were labeled with one of the roles on

our typology (𝑛 = 11, 087 from WildChat and 𝑛 = 3, 227 from

ThoughtTrace), we first ran our LLM judge on the original re-

sponses, which were from GPT-3.5 and GPT-4 (WildChat) and over

20 LLMs (ThoughtTrace). In WildChat, we find that the newer,

larger GPT-4 is significantlymore oracular thanGPT-3.5. In Thought-

Trace, Grok has the highest rates of responding as an oracle. This

contrast is even larger when we consider the subset of prompts

that are non-oracular, i.e., cases where users seem to be explicitly

not seeking oracular responses (Figure A10).

These original responses do not allow us to attribute the effects

to model alone, as each model’s responses are to different prompts

(though the output model is randomly selected in ThoughtTrace).

To more directly compare model behavior, we further obtained

responses from both open and closed state-of-the-art models on

the same data and scored them. Specifically, we generated new

responses from three proprietary and four open-weight models:

Claude Sonnet 4.6, Gemini 2.5 Pro, GPT-5.5, Qwen3-8B, Llama-

3.1-8B, OLMo 2 7B, and Gemma 2 9B. We additionally generated

responses from Claude Opus 5, GPT 5.6 Sol, and Gemini 3.1 Pro on

ThoughtTrace.

We find that GPT-5.5 consistently responds more as oracles than

any other model family, both in Oracle prompts and otherwise

(Figure A9). On ThoughtTrace, the smaller open-weight models are

generally less oracular than the larger closed models.

F Additional Intervention Results

Figure A11 shows the effect of prompting models to do open-ended

reasoning about users’ long-term goals. Figure A12 shows the main

intervention analyses repeated on a random sample of 600 prompts

(stratified by role), in which the original response is not neces-

sarily oracular. Figure A13 shows the tradeoff between reducing

oracularity and response reward.

F.1 Preference study: Short-term vs. long-term

preferences

To investigate whether people’s preferences differ when consider-

ing short-term vs. long-term goals, we conducted a user preference
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Figure A4: Additional results from donated data: Top left two panels: Distribution and temporal trends when including prompts

classified as NA. Top right two panels: Per-participant and raw count of LLM-as-oracle prompts over time. When considering

all prompts, including those classified as NA, there is an increase from 7.3% in the earliest period to 13.0% in the most recent

(𝑟 = 0.42, 𝑝 = 0.11), though it is weaker because the absolute number of oracular messages rose dramatically because both

Oracle use and overall use grew simultaneously—the first time period contains 82 messages from 3 participants while the

last one contains 23,714 from 52. Middle and bottom row: Trend for each role, among relevant subjective personal questions

(middle) and when including prompts classified as NA (bottom).

study on baseline model outputs vs. DPO model outputs. We re-

cruited 200 participants on Prolific and paid them $2.00 for a 10

minute task. We excluded participants that failed a visual bot check,

leaving 198 participants. Participants were randomized into two

conditions: Default and Self-Discovery. In the task, participants

were presented with a sequence of 10 prompts with two LLM re-

sponses to the prompt: the original baseline model response and the

DPO response. In the Default condition, participants were asked to

choose the response they would prefer. In the Self-Discovery con-

dition, participants were asked to choose the response they would

prefer if they wanted to “reason about the situation yourself and

develop your own interpretation". The prompts and responses were

sampled uniformly from the test dataset (across all four models)

after filtering for examples where the DPO response demonstrated

oracularity reduction (LLM-judged). In total, participants annotated

724 samples from Llama 3.1 8B, 643 from Gemma 2 9B, 447 from

OLMo 2 7B, and 166 from Qwen3-8B. The variation in sample size

reflects differences in DPO’s effectiveness at reducing oracularity.

Figure A14 shows the rate at which participants in each condition

prefer the DPO response, overall and by base model. We find that

users in the default condition tended to prefer the baseline responses

over the DPO responses according to a two-sided proportions z-test

(𝑟 (𝐷𝑃𝑂) = 0.46, 𝑝 = 0.006). In contrast, users in the self-discovery

condition tended to prefer the DPO responses over the baseline

responses (𝑟 = 0.53, 𝑝 = 0.048). These results suggest that current

LLM behavior is optimized for immediate preferences but may

not be aligned for preferences about long-term goals such as self-

discovery and independent reasoning.
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Figure A5: Donated data breakdown by domain Distributions and temporal trends by domain, among relevant subjective

personal questions (top) and when including prompts classified as NA (bottom).
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Figure A7: Reasons reported by participants for their personal AI use.

Social & Relationships

There’s someone I’ve lost touch with and I keep going back and forth about whether to reach out.

I haven’t heard from someone in a while and I’m debating whether to message them first or wait and see if they reach out.

I got invited to something and I’m trying to figure out whether I actually want to go or if I’d rather not.

Something a friend did has been bothering me, and I can’t decide whether to bring it up or just move on.

I had a disagreement with someone where I don’t think I was wrong, so I’m wondering whether apologizing would help or just feel dishonest.

I know two people who I think would get along, but I’m not sure if introducing them is a good idea or if it would be awkward.

Work & Career

I’m trying to decide whether to apply for a role that excites me but feels like a stretch.

I got a job offer and I’m weighing whether to take it or stay where I am.

I’ve been thinking about asking for a raise, but I’m not sure if now is the right time or if I should wait.

Something happened at work that’s bothering me, and I’m going back and forth between raising it with my manager or letting it go.

There’s a project I could volunteer for. Part of me wants to, but I’m not sure it’s the right move.

I’ve decided to leave my job, and I’m torn between telling my team now or waiting until everything’s finalized.

Table A5: Decision topics participants could choose from in the perceived human vs. AI study. After selecting a topic, participants

were shown a short prompt asking them to describe their specific situation.
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[redacted]

[redacted]

Figure A8: Data donation tool visualization interface. After participants donated their data, they were shown visualizations of

their use of AI. This began with visualizations about the domains in which they used AI (top left), and trends over time (top

right). Then, they were shown visualizations about how much they offloaded their beliefs and judgments to AI, and how this

varied over time and by domain. This was grounded in specific examples. Redacted text to preserve anonymity.
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Figure A9: Oracularity of different LLMs’ responses in the longitudinal sycophancy study (top), WildChat (middle left) and

ThoughtTrace prompts (middle right). In the longitudinal sycophancy study, we find that both the sycophantic and challenging

models are more oracular than the balanced baseline; the sycophantic model is especially oracular to Oracle prompts. In the

original responses (which are to different prompts, and thus not directly comparable), we find that GPT-4 is more oracular

than GPT-3.5; and Grok is more oracular than all other models in ThoughtTrace. Across the directly comparable new model

responses, GPT-5.5 is most oracular; and this finding is robust to whether the response has the full conversation context or not

(bottom). Breakdowns by prompt oracularity are in Figure A10.
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Figure A10: Oracular responses by model, and split by oracle vs non-oracle prompts.
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Figure A11: Prompting models to generally reason about users’ goals does not significantly reduce oracular responses.
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Figure A12: On a random sample of prompts (not only the ones with oracular responses), we find the same takeaways as

reported in the main text.
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Figure A13: Models on which DPO is most effective at reducing oracularity also compromise model reward the most (left).

Hard-coded (HC) learning, HC self-discovery, and DPO are at the Pareto frontier between reward and oracular reduction (right).
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Figure A14: Left: Overall, users prefer original LLM responses when asked only for their immediate preference, but prefer DPO

responses when asked for a preference that accounts for self-discovery. Right: Preferences (and DPO effectiveness) vary by base

model.
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