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Abstract

The rise of generative Al (GenAl) has im-
pacted many aspects of life. As these sys-
tems become embedded in everyday prac-
tices, understanding public trust in them
also becomes essential for responsible adop-
tion and governance. Prior work on trust
in Al has largely drawn from psychology
and human—computer interaction, but there
is a lack of computational, large-scale, and
longitudinal approaches to measuring trust
and distrust in GenAl and large language
models. We present the first computational
study of Trust and Distrust in GenAl, us-
ing a multi-year Reddit dataset (2022-2025)
spanning 39 subreddits and 230,576 posts.
Crowd-sourced annotations of a represen-
tative sample were combined with classifi-
cation models for scale analysis. Our re-
sults show that Trust and Distrust are nearly
balanced over time, although Trust mod-
estly outweighs Distrust. Technical per-
formance and usability dominate as dimen-
sions for both categories, while personal ex-
perience is the most frequent reason shap-
ing attitudes. Distinct patterns also emerge
across trustor groups: while industry pro-
fessionals and tech leaders predominantly
express Trust in GenAl, Distrust remains
more prevalent among Al ethicists, journal-
ists, and the general public. Our results pro-
vide a methodological framework for large-
scale Trust analysis and insights into evolv-
ing public perceptions towards GenAl

1 Introduction

Generative artificial intelligence (GenAl) and
large language models (LLMs) are transforming
how people search for information, create content,
and interact online (Ferrara, 2024; Liang et al.,
2025). Their rapid adoption in classrooms and
workplaces (Ghimire and Edwards, 2024; Petters-
son et al.,, 2024), as well as in creative indus-
tries (Amato et al., 2019), has triggered global
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debates about the potential benefits and risks of
these technologies (Bender et al., 2021; Crawford,
2021). At the center of these debates lies the ques-
tion of trust: will the public perceive GenAl as
reliable, competent, and aligned with their values,
or as opaque, biased, and potentially harmful?

Trust is widely recognized as a prerequisite for
adoption, appropriate use, and governance of Al
systems (Mayer et al., 1995; Hancock et al., 2020;
Lee and See, 2004; Hoff and Bashir, 2015). Public
attention to GenAl, and especially to questions of
trust and reliability, has surged in parallel with the
release of advanced LLMs. The launch of Chat-
GPT in late 2022, followed by successive break-
throughs such as GPT-4 and LLaMA2, amplified
both enthusiasm and concern, making trust a fo-
cal point of GenAl discourse (Shen et al., 2023;
Weidinger et al., 2022). Understanding how trust
and distrust are expressed in response to such ad-
vancements is crucial for capturing the dynamics
of public attitudes and informing the responsible
design and governance of GenAl.

Prior research on trust in GenAl has primar-
ily focused on theoretical frameworks or small-
scale qualitative studies (Schuetz et al., 2025; Bal-
ayn et al.,, 2024). Recent computational work
has analyzed public sentiment toward LLMs using
approaches such as Critical Discourse Analysis
(Heaton et al., 2024; Emdad et al., 2023), but fo-
cused on domain-specific contexts like education
or health care rather than systematically mapping
diverse dimensions of trust and distrust. Attitudes
have also been examined through validated scales
such as the Attitudes Toward General LLMs (AT-
GLLM) and Attitudes Toward Primary LLMs (AT-
PLLM) (Liebherr et al., 2025), while TAM (Tech-
nology Acceptance Model)-based studies showed
that trust, privacy, and misuse concerns strongly
shape Al adoption (Abdaljaleel et al., 2023; Kelly
et al., 2025). Although prior work has devel-
oped valuable conceptual frameworks for trust in
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GenAl and LLMs, there is limited large-scale, lon-
gitudinal, computational analysis of how public at-
titudes toward GenAl evolve.

We address this gap with a multi-year analysis
of Reddit discussions (Nov 2022—-Jun 2025). Red-
dit offers a suitable corpus given its scale, topical
diversity, and sustained discourse around model
releases. We collected 230,576 GenAl-related
posts from 39 subreddits and crowd-sourced anno-
tations on a representative sample to capture Trust,
Distrust, their dimensions, reasons, and trustors,
then scaled these analyses using transformer-
based and state-of-the-art LLMs. Our findings
show that Trust moderately outweighs Distrust
across the timeline, with shifts around major re-
leases. At the dimension level, Competence, Re-
liability, and Familiarity dominate, underscoring
functionality and personal use as key drivers. Per-
sonal experience emerges as the most salient rea-
son for Distrust and Trust, consistent with recent
industry reports (OpenAl, 2025; Anthropic, 2025).
Finally, different trustors (e.g., experts, ethicists,
business leaders) exhibit distinct patterns, high-
lighting the sociotechnical complexity of GenAl
discourse. For example, industry professionals
and tech leaders show greater trust in GenAl,
whereas distrust is more prevalent among Al ethi-
cists, journalists, and the general public.

This work contributes the first large-scale
dataset of Reddit posts on GenAl labeled for
Trust, Distrust, dimensions, reasons, and trustors;
a methodological framework for classifying Trust
and Distrust in social media discourse; and
offers new empirical insights into how Trust
and Distrust toward GenAl evolve, what dimen-
sions dominate, and how different actors ex-
press them. By combining computational anal-
ysis with sociotechnical framing, our study ad-
vances the understanding of trust in GenAl and
provides tools for monitoring and contextual-
izing public perceptions. Our data (Pessian-
zadeh et al., 2026) is available at https://
zenodo.org/records/20331918 and our
code can be found at https://github.com/
social-nlp-lab/trust-GenAl.

2 Related Work

Trust in Technology & AI Systems. Foun-
dational research on trust in technology provides
key perspectives on how trust is formed. Trust in
the social sciences is defined as the willingness to

be vulnerable by relying on another, setting aside
concerns about potential negative behavior (Mayer
et al., 1995; Luhmann, 2018). Schuetz et al.
(2025) found perceptions and experiences with
technology, trust transfer, and calculative trust as
three categories of influential factors that shape
trust. Similarly, Lee and See (2004) highlighted
how context, system characteristics, and cognitive
processes influence trust relationships between
users and automated systems. Glikson and Wool-
ley (2020) showed that cognitive trust stems from
transparency and reliability, while emotional trust
arises through anthropomorphism. Jacovi et al.
(2021) formalized Al-human trust as a cognitive
model grounded in user vulnerability and antici-
pation of Al decisions, where trust depends on ex-
pectations that agreements will hold. Balayn et al.
(2024) emphasized the complexity of LLM supply
chains, where trust dynamics extend from founda-
tional model developers to downstream companies
and end users, influenced by both personal propen-
sity and context of use. In parallel, Kim et al.
(2023) discussed the interplay of human factors
(e.g., domain knowledge), Al factors (e.g., abil-
ity, integrity, benevolence), and contextual condi-
tions (e.g., task difficulty, perceived risks) in deter-
mining levels of trust in Al systems. These mech-
anisms also apply in domains such as electronic
marketplaces (Pavlou and Gefen, 2004). Impor-
tantly, distrust is not defined as the absence of
trust but distinct expectations of negative behav-
ior (Lewicki et al., 1998), supported by evidence
that trust and distrust rely on different neuro-
cognitive processes (Dimoka, 2010). Trust gener-
ally increases behavioral intentions, whereas dis-
trust reduces them (Gefen et al., 2025).

Computational Analysis of Trust. Recent work
has developed computational and survey-based
measures of trust. The Attitudes Toward Gen-
eral LLMs and Attitudes Toward Primary LLMs
scales were developed and validated for assess-
ing acceptance and fear in LLM contexts, dis-
tinguishing between societal perceptions and in-
dividual user experiences (Liebherr et al., 2025).
Computational analyses of public discourse also
has revealed mixed sentiment: topic and sentiment
modeling of Reddit discussions about ChatGPT
and DeepSeek found recurring concerns around
bias, ethical risks, and transparency (Katta, 2025).
Building on the TAM, Abdaljaleel et al. (2023) in-
troduced the TAME-ChatGPT instrument to study
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healthcare students’ attitudes, while Kelly et al.
(2025) found that trust and privacy concerns dif-
ferentially influence ChatGPT acceptance in men-
tal versus physical healthcare.

LLMs and Trust. Research specific to LLMs
highlights the multi-layered nature of trust and dis-
trust. Paraschou et al. (2025) proposed the ‘bowtie
model’ to conceptualize trustor—trustee relation-
ships, showing how perceptions of competence,
knowledge, and transparency shape user behav-
ior. Davoodi and Mezei (2024) applied compu-
tational methods to customer feedback and iden-
tified delivery processes as central to trust forma-
tion. Broader reviews highlight conceptual frag-
mentation: Mehrotra et al. (2024) stressed defini-
tional inconsistencies, while Sousa et al. (2023)
argued that trust is often oversimplified. Ger-
lich (2024) found that many individuals trust Al
more than humans, attributing this to their per-
ceived impartiality, but other studies found oth-
erwise (Gefen et al., 2025), suggesting that trust
might be context-dependent. Recent mapping
studies confirm rising attention to LLM trustwor-
thiness, with transparency, explainability, and re-
liability as recurring themes (de Cerqueira et al.,
2025). Computational studies further analyze pub-
lic opinion toward LLMs across social platforms.
Heaton et al. (2024) showed that Twitter users of-
ten frame ChatGPT as a social actor, while Em-
dad et al. (2023) and Takagi (2023) examined Red-
dit discussions on ChatGPT in education, finding
mostly neutral or contested views. Skjuve et al.
(2023) emphasized pragmatic and hedonic fea-
tures in shaping trust. Other work used machine
learning for trust modeling (Zapata et al., 2023;
Yahyaoui and Al-Mutairi, 2016; Wang et al., 2020;
Loépez and Maag, 2015; Hauke et al., 2013), while
Gefen et al. (2024) demonstrated that perceptions
of trust in GenAl evolve from technical concerns
toward broader societal issues. Prior work pro-
vides valuable conceptual and computational in-
sights but remains fragmented, domain-specific,
and small in scale. Few studies track how trust
and distrust in GenAl evolve in response to major
model releases, a gap this study addresses.

3 Method

3.1 Data Collection

To examine narratives surrounding GenAl on Red-
dit following the release of ChatGPT (November
30, 2022), we implemented a two-step data col-

lection strategy. We first identified relevant sub-
reddits and then applied content-based filtering to
isolate GenAl-related posts.
Step 1: Identification of Subreddits. We sys-
tematically identified communities focused on
LLMs, their developers, AI more broadly, and re-
lated technologies. We reviewed approximately
90 candidate subreddits, examining their content,
“About” pages, topical focus, and creation dates.
Based on relevance and sustained activity, we
selected 39 subreddits that were active between
November 30, 2022, and June 30, 2025. Using
Pushshift (Baumgartner et al., 2020) and Arctic-
shift (Heitmann, 2025), we retrieved 1,944,899
posts from these subreddits.
Step 2: Identification of GenAl-Related Posts.
To identify posts specifically related to GenAl
within this corpus, we employed a mixed-method
approach combining keyword-based filtering and
topic modeling. We first compiled a list of seed
terms related to GenAl and expanded it to in-
clude the names of major models (e.g., prominent
LLMs), as well as key concepts and topics associ-
ated with generative Al. To further refine and ex-
pand this list, we applied Latent Dirichlet Alloca-
tion (LDA) (Blei and Lafferty, 2009) to posts from
the two most active subreddits (r/ChatGPT and
r/OpenAl) and two broader Al-focused subred-
dits (#/Artificiallntelligence and r/MachineLearn-
ing). We examined the resulting topics to identify
additional relevant terms and incorporated them
into our keyword list. Using this comprehensive
set of GenAl-related keywords, we retained posts
containing at least one matching term (see Ap-
pendix A for the list of subreddits and keywords).
We excluded posts in which the author or con-
tent was marked as “removed” or “deleted” (to
protect user privacy), posts with empty bodies,
and posts containing fewer than five words. After
applying these filtering criteria, the final dataset
comprised 230,575 posts.

3.2 Conceptual Frameworks
3.2.1 Dimensions of Trust and Distrust

Trust and distrust are central but distinct constructs
in human—AlI interaction. Drawing from psychol-
ogy, sociology, and HCI research, we define Trust
as the willingness to rely on a system with positive
expectations of its reliability, competence, and in-
tentions, even under conditions of uncertainty or
vulnerability (Mayer et al., 1995; Rousseau et al.,

163t



Dimension Definition

Reliability Information accuracy and consistency
Transparency Openness about GenAl processes and data use

- Familiarity Previous exposure to GenAl or similar systems
[_E Integrity Adherence to ethical principles acceptable to users
Competence  Effective functionality and features

Benevolence  Belief that GenAl acts with good intentions

Unreliability  Lack of accuracy and consistency

Opaqueness  Lack of transparency in data use

Unfamiliarity New or unfamiliar technology causing doubt
Dishonesty  Failure to follow user-accepted ethical principles
Incompetence Inability to perform tasks effectively

Deception Perception of dishonesty or hallucination in outputs
Malevolence  Belief that GenAl has harmful or malicious intent

Distrust

Table 1: Dimensions of Trust and Distrust

1998). In contrast, Distrust refers to active suspi-
cion and negative expectations, grounded in con-
cerns about unreliability, deception, or potential
harm (Lewicki et al., 1998; Harrison McKnight
and Chervany, 2001). Importantly, Distrust is not
merely the absence of Trust; rather, it is a qualita-
tively distinct phenomenon with its own logic and
consequences (Lewicki et al., 1998).

Grounded in extensive literature review of trust
in technology and Al (Zhang et al., 2023; McK-
night et al., 2009; Bach et al., 2024; Braga et al.,
2018; Xu et al.,, 2014; Lankton et al., 2015;
Zhang et al., 2024; Kim et al., 2024; Klingbeil
et al., 2024; Salimzadeh et al., 2024; Shin, 2021;
Blobaum et al.,, 2016; McKnight et al., 2017;
Horowitz et al., 2024; Schuetz et al., 2025), we
first compiled 37 candidate dimensions of Trust
and Distrust (see Appendix B). A team of four an-
notators manually coded a sample of 100 posts to
evaluate the relevance and applicability of these
dimensions in the context of GenAl. Through
iterative rounds of coding and discussion, we
removed overlapping concepts and distilled the
list into 6 key dimensions of Trust (Reliability,
Competence, Familiarity, Integrity, Transparency,
Benevolence) and 7 key dimensions of Distrust
(Unreliability, Incompetence, Unfamiliarity, De-
ception, Dishonesty, Opaqueness, Malevolence),
adapted to LLMs and GenAl (see Table 1).

3.2.2 Trustor and Reason of Trust

We further identified two additional concepts: (1)
the trustor, i.e., who expresses trust or distrust,
and (2) the underlying reason for that judgment.

Trustor. In trust relationships, the trustor is the
entity placing confidence or suspicion in a sys-
tem, while the trustee is the system or actor be-
ing judged (Mayer et al., 1995; Paraschou et al.,

2025). In GenAl, the trustor may range from end-
users to institutions shaping Al narratives. Their
identity influences both expectations and evalu-
ation criteria (Balayn et al., 2024; Kim et al,,
2023); for example, developers may emphasize
transparency and reliability, while ethicists may
focus on fairness and accountability. To capture
this diversity, we defined 10 categories through in-
ductive coding: GenAl users, software develop-
ers, researchers or academics, tech industry pro-
fessionals, general public, media and journalists,
business leaders or executives, Al ethicists or ad-
vocacy groups, artists or creatives, and educators
or knowledge workers.

Reason. The reason for trust or distrust reflects
the evidence upon which the trustor bases their
judgment. Social psychology and HCI research
show that reasons stem from prior experience, so-
cial influence, or perceived organizational respon-
sibility (Lee and See, 2004; Glikson and Woolley,
2020). In online discourse, these may be direct
(e.g., personal use) or indirect (e.g., media or peer
reports). We defined 6 categories: personal expe-
rience using Al models, reports from media or ex-
perts, discussions on social media or forums, gen-
eral perceptions of Al technology, general percep-
tions of responsible companies, and experiences
shared by friends, family, or colleagues.

3.3 Crowdsourcing and Data Annotation

We developed a codebook with definitions and ex-
amples of Trust, Distrust, and their dimensions
to guide the annotation process. We opted for
crowdsourcing rather than expert-only annotation
to leverage the broader demographic diversity and
scalability it provides (Sap et al., 2021; Wan et al.,
2023). The annotation task was hosted on Potato
(Pei et al., 2022) and deployed through Prolific.
After multiple rounds of testing, annotators re-
ceived the detailed guidelines and were tasked to
select: (1) if a post expressed Trust, Distrust, Both,
or Neither toward GenAl,; (2) relevant dimensions
of Trust or Distrust; (3) the trustor (the entity
expressing Trust or Distrust); and (4) underlying
reason from our predefined list.

Each post was independently annotated by five
annotators to ensure labeling reliability. Across
three annotation rounds, annotators labeled 2, 690
posts. For the first task, we only retained posts for
which at least three out of five annotators agreed
on the label (choosing the majority vote); posts
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I love having ChatGPT explain technical aspects to
me as if I were a medieval noble receiving counsel
from a trusted advisor. My life becomes so much less
mundane.

Currently using ChatGPT to create a cheat sheet for
units in my physics. This is 100 times easier to learn
as well. Did I just make my teacher’s job obsolete?

GPT4 is working really badly all of a sudden. Any-

one else noticing this? It takes forever, and fails to

respond with an error.

Why GPT4 just no longer follow instructions? Is it
Distrust just for me, or is GPT4 no longer following instruc-

tions? Simple prompts that have always worked are

now suddenly misinterpreted by ChatGPT.

Trust

The accuracy of the responses generated by Chat-
GPT depends on many factors, e.g., quality of the in-
put and complexity of the task. Generally, ChatGPT
has shown to produce highly coherent and human-
like responses, especially for tasks that involve NLP,
language translation, and generating textual con-
tent. However, like any Al model, ChatGPT can
sometimes make errors or produce inaccurate re-
sponses, particularly where it lacks context or faces
new or unexpected situations.

What if most answers from ChatGPT are wrong?
But we just oversaw, as we are still amazed by the
awesomeness of quickly responding to complicated
inquiries.

Both

Table 2: Examples of posts labeled as Trust, Dis-
trust, and Both

without majority agreement were discarded. Af-
ter applying quality control, 2, 227 posts were re-
tained. Inter-annotator reliability was assessed us-
ing Fleiss’ k, resulting in k = 0.42, with an
average agreement rate of 77%. Among the re-
tained posts, 877 (39%) had agreement from three
out of five annotators, 800 (36%) had agreement
from four out of five annotators, and 550 (25%)
achieved unanimous agreement. More details
about the annotation procedure, the codebook, and
guidelines are in Appendix C. Table 2 presents two
example posts for each class.

For dimensions of trust and distrust, we only fo-
cused on posts kept from the previous task. For
each post, we retained the dimension annotations
provided by the annotators whose labels formed
the majority in the previous task. To construct
ground-truth labels for the dimensions, we ap-
plied two aggregation schemes: Majority: dimen-
sions selected by more than half of the annotators,
and Any: dimensions selected by at least one of
the annotators. To compute inter-annotator agree-
ment for dimensions, we evaluated trust dimen-
sions only for posts labeled as Trust and distrust
dimensions only for posts labeled as Distrust. The

average agreement across the 13 dimensions was
0.82. Similarly, for classifying Trustor and Rea-
son, the final labels were obtained based on major-
ity vote. Average agreement rate between annota-
tors was 0.72 for Trustor and 0.81 for Reason.

3.4 Classification
3.4.1 Trust and Distrust

We employed a multi-label classification frame-
work with four labels in task 1: Trust, Distrust,
Both, and Neither. Our annotated dataset was
split into training, validation, and test sets using
a 0.7:0.1:0.2 ratio, stratified by label to preserve
class distribution. The splits contained 1,558,
223, and 446 posts for train, validation, and test,
respectively.

Transformer-based Models. We fine-tuned five
pretrained transformer models, including BERT
(Devlin et al., 2018), RoBERTa (Liu et al., 2019),
DistilBERT (Sanh et al., 2019), ModernBERT
(Warner et al., 2024), and SocBERT (Guo and
Sarker, 2023), on the training set. Fine-tuning
was conducted with the AdamW optimizer, batch
size 8, learning rate 2e — 5, and up to 3
epochs with early stopping based on validation
loss. Hyperparameters were selected through val-
idation performance.

LLMs. We evaluated closed-weight models from
OpenAl (GPT-5.2-2025-12-11, GPT-5.1-2025-
11-13, GPT-5-2025-08-07, GPT-5-mini-2025-08-
07, GPT-5-nano-2025-08-07, GPT-40-2024-11-
20, GPT-40-mini-2024-07-18, GPT-4.1-2025-04-
14, GPT-4.1-mini-2025-04-14, GPT-4.1-nano-
2025-04-14) (OpenAl, 2024), Claude (claude-
sonnet-4-6, claude-haiku-4-5) (Anthropic, 2024),
as well as open-weight models such as GPT-oss,
Llama3-8B (Al@Meta, 2024), and Mixtral-8x7B
(Jiang et al., 2024). For these models, we de-
signed both zero-shot and few-shot prompts (see
Appendix D). Few-shot prompts included 3 ran-
domly selected examples per label from the same
validation set. We set temperature = 0.0.
Evaluation. We evaluated all models on the held-
out test set. Weighted F1, per-class precision, and
recall were used as metrics.

3.4.2 Dimensions of Trust and Distrust

Building on the previous task, we extended the
classification framework to predict the 13 fine-
grained dimensions of Trust and Distrust defined
in Table 1. Due to limited annotated data and the
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Figure 1: Temporal changes in the number of posts
around GenAl after the release of ChatGPT

sparsity of several dimensions, we relied exclu-
sively on LLMs for this task, as the dataset was
insufficient to train or fine-tune transformer-based
classifiers. For each post, the model was prompted
to identify one or more applicable dimensions. To
avoid excessively long prompts and to ensure cat-
egory relevance, the applicable prompt was con-
ditioned on the reported label: if the post was la-
beled as Trust in Task 1, the model was prompted
only with trust dimensions; if Distrust, only dis-
trust dimensions; and if Both, with both sets of di-
mensions.

Prompting Setup. We designed both zero-shot
and few-shot prompts, including 3 illustrative
cases per dimension in the few-shot setting. All
prompts included the definitions of dimensions
from our codebook (see Appendix D). We set
Temperature =0.0 and top—p = 1.0. For each
post, the model could return multiple dimensions.

Evaluation. We evaluate model performance un-
der two ground truth label aggregation schemes
defined in § 3.3: Majority and Any. Treating
each dimension as a binary label, we computed
precision, recall, and F1 score per dimension,
along with macro-averaged scores across all di-
mensions, following standard multi-label evalua-
tion practices (Madjarov et al., 2012; Tsoumakas
and Katakis, 2008).

3.4.3 Trustor and Reason of Trust

LLMs were prompted to assign one trustor and
one reason per post, separately, with results evalu-
ated against our test set using precision, recall, and
F1 (see Appendix D for prompts).

4 Results

Volume of Discourse on Reddit. Figure 1 shows
how the volume of Reddit discourse about GenAl
evolved between November 30, 2022, and June
30, 2025. The z-axis represents time (monthly
bins), and the y-axis represents the number of
posts containing GenAl keywords (after prepro-
cessing). Overall, we observe a gradual yet sus-
tained increase in activity, punctuated by sharp
peaks coinciding with major model announce-
ments. The initial surge in late 2022 coincides
with the public release of ChatGPT, which brought
LLMs into mainstream public attention. Subse-
quent spikes correspond to milestone releases such
as GPT-4 (March 2023), LLaMA2 (July 2023),
and OpenAI’s Dev Day (November 2023). While
discussion levels fluctuated throughout 2023 and
early 2024 despite new releases such as Claude3
(March 2024) and LLaMA3 (April 2024), the
sharp and sustained growth at the end of 2024 into
2025 culminated in the highest levels of discourse
during the releases of models such as LLaMA4
and Claude4 (April-May 2025). Although vol-
ume fluctuations may reflect multiple factors, the
alignment of peaks with well-publicized model re-
leases may suggest that breakthrough announce-
ments play a key role in driving community en-
gagement.

4.1 Trust and Distrust

Classification Results. Table 3 reports perfor-
mance across transformers, zero-shot, and few-
shot LLMs for classifying Trust, Distrust, Both,
and Neither. Among transformers, ROBERTa per-
formed the best (F1 = 0.77), with ModernBERT
and DistilIBERT close behind (F1 = 0.75), re-
flecting the advantages of more recent pretrained
models. Zero-shot LLMs generally outperformed
transformers: GPT-5.1, GPT-5-mini, and GPT-5.2
reached F1 = 0.8, 0.79, and 0.79, respectively.
Open-source LLMs such as Llama-4-Maverick
(F1 = 0.75) lagged. Few-shot LLLMs showed a
consistent performance, with GPT-5-mini (Fl=
0.8), GPT-4.1-mini (F1= 0.79), and GPT-40 (F1=
0.79) leading. The best overall performance was
achieved by GPT-5.1 in the zero-shot setting, and
GPT-5-mini in the few-shot setting (F1 =0.8). Our
results suggest that adding shots does not neces-
sarily improve performance in this classification
task (See Appendix G.3).

Table 4 breaks down GPT-5.1"s zero-shot per-
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Type Model Precision Recall Fl
é BERT 077 075 068
S RoOBERTa 0.76 079 077
2 DistillBERT 0.74 078  0.75
& ModernBERT 074 076 075
SocBERT 0.73 074  0.69
GPT-5.2 0.80 078 0.79
GPT-5.1 0.81 0.80  0.80
GPT-5 0.80 074  0.76
GPT-5-mini 0.80 079  0.79
GPT-5-nano 0.79 077 078
GPT-4.1 0.79 074 0.74
% GPT-4.l-mini 0.79 077 0.77
»  GPT-4.1-nano 0.77 0.66  0.66
£ GPT4o 0.78 0.74 075
N GPT-40-mini 0.80 071 0.73
GPT-0ss-20b 0.79 075 0.76
Claude-sonnet-4-6 0.80 072 0.74
Claude-haiku-4-5 0.79 070  0.72
Mixtral-8x7B 0.80 0.56 0.62
Llama-4-Maverick 0.76 0.76  0.75
GPT-5.2 0.81 0.76  0.78
GPT-5.1 0.79 078  0.79
GPT-5 0.81 075 0.77
GPT-5-mini 0.81 0.79  0.80
GPT-5-nano 0.79 0.77 0.78
GPT-4.1 0.81 075 0.77
2 GPT-4.1-mini 0.80 078  0.79
@  GPT-4.l-nano 076 061 0.62
2 GPT4o 0.80 079  0.79
©  GPT-40-mini 0.81 075 0.77
GPT-0ss-20b 0.81 076 0.78

Claude-sonnet-4-6 0.82 0.77 0.78
Claude-haiku-4-5 0.77 0.72 0.73
Mixtral-8x7B 0.79 037 047
Llama-4-Maverick 0.79 0.74 0.75

Table 3: Model performance for Trust vs. Distrust

formance for each category. Performance was
strongest on Distrust (F1 = 0.89) and Trust (F1 =
0.84), indicating that the model reliably captured
clear positive or negative context. Performance
dropped for Neither (F1 = 0.60), showing diffi-
culty in distinguishing neutral commentary from
implicit evaluations. The lowest scores occurred
for Both (F1 = 0.24), highlighting the challenge in
detecting ambivalent or ironic posts (see Appendix
G for error analysis). Based on these results and
the overall performance of GPT-5.1-2025-11-13
(zero-shot), we used this model to generate labels
for the full dataset with OpenAl’s batch API.

Label Distribution. Table 5 presents the distribu-
tion of labels in the annotated and the full datasets.
The largest category is Neither (41%), indicat-
ing that many GenAl-related posts are descriptive
or informational (e.g., sharing news or announce-

Label Precision Recall F1

Distrust 0.86 091 0.89
Trust 0.88 0.80 0.84
Neither 0.55 0.65 0.60
Both 0.50 0.15 0.24

Table 4: Performance of the best model (GPT-5.1
zero-shot) in Trust vs. Distrust classification.

Label Annotated All Data % (All Data)
Neither 369 95,513 41
Trust 812 71,431 31
Distrust 979 60,668 26
Both 67 2962 1

Table 5: Distribution of labeled posts in our data.

ments). Trust (31%) and Distrust (26%) are nearly
balanced, reflecting the polarized nature of public
opinion. By contrast, Both (1%) is marginal, sug-
gesting that ambivalent expressions are compara-
tively rare and harder to detect.
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Figure 2: Comparison between Trust vs. Distrust.

Temporal Changes in Trust & Distrust. Fig-
ure 2 shows the monthly changes in the num-
ber of posts labeled as Trust, Distrust, and Both,
normalized by the total number of posts in that
month. The result suggests that Trust consis-
tently, but modestly, outweighs Distrust across
the timeline of our data. While Trust accounts
for roughly 30-35% of posts across most months,
Distrust appears in roughly 20-30 % of posts.
Both, however, accounts for a very insignificant
share of posts (We did not add Neither to the fig-
ure, but it presents the largest number of posts in
our data). Despite some fluctuations, neither cat-
egory extremely dominates the discourse, under-
scoring a persistent tension in public attitudes to-
ward GenAl (Marantz, 2024; University of Edin-
burgh Impact, 2023; Hill, 2023). The flat trend for
Both indicates that ambivalence is rare compared
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2023-02 2024-02 2025-02
Label Term  Z-Score Term  Z-Score Term Z-Score
help 9.55 model 9.28 love 13.68
- use 8.71 Al 8.95 best 13.54
E create 8.03  feedback 8.92 share 10.71
ChatGPT 7.79  building  8.83 better  10.48
text 7.23 project 8.65 Al 10.10
DAN -6.13 says -591  weird  -6.00
‘% wrong -7.42  refuses  -5.95 deleted -6.21
2 ERP -7.73 issue -6.59  worse  -6.50
A Luka -11.35 asked -7.10 issue -8.45
Replika -13.21  wrong -7.23  wrong  -8.65

Table 6: Z-scores of terms associated with Trust
and Distrust during periods when the two concepts
converged, based on Figure 2.

to strong positive or negative stances.

Based on the results shown in Figure 2, we ob-
serve that Distrust slightly exceeded Trust during
two periods (2023-02 and 2025-02), while the two
concepts converged in 2024-02. To further ex-
amine the discourse during these three months,
we conducted separate Z-score analyses (Monroe
et al., 2008) for each period, identifying the most
distinctive aspects associated with Trust and Dis-
trust. Table 6 shows that, in 2023-02, the most
distinctive aspects of conversations related to Dis-
trust include terms such as Replika, Luka (its par-
ent company), and DAN (Do Anything Now), re-
flecting ethical concerns surrounding companion-
ship models and unrestrained Al behavior. In con-
trast, the Trust discourse during the same period
centered on practical utility through terms such
as help, use, and create. In 2024-02 and 2025-
02, the distinctive features associated with Dis-
trust shifted toward technical frustrations, with
terms such as issue, refuses, and deleted. At the
same time, Trust became increasingly associated
with collaborative and affective language, includ-
ing terms such as feedback, project, love, and best.
The recurrence of wrong in all three periods could
indicate that perceived inaccuracy remained a sta-
ble source of Distrust despite changing broader
concerns.

4.2 Dimensions of Trust and Distrust

Classification Results. Table 7 shows the se-
lected results of the dimension classification (full
result in Table F1 in Appendix). Under the ma-
Jjority condition, using zero-shot promoting, mod-
els achieved their highest scores on functionality-
related and explicit dimensions, particularly Com-

petence, Incompetence, and Unreliability, where
GPT-5 variants and Llama-4 obtained the highest
scores overall. In contrast, interpersonal and nor-
mative dimensions such as Benevolence, Integrity,
and especially Transparency remained compara-
tively weak, with low peak scores across all mod-
els. In the few-shot setting, improvements were
most evident for relational dimensions including
Reliability, Dishonesty, and Familiarity, where
GPT-4.1 and GPT-5 showed higher and more sta-
ble performance. However, even with few-shot
prompting, dimensions capturing ethical aspects,
e.g., notably Integrity and Transparency, contin-
ued to exhibit limited classification performance
relative to other categories. Under the any crite-
rion (full result in Table F2 in Appendix), overall
scores increased in both prompting settings. In the
zero-shot, models again performed best on Com-
petence and Incompetence, with several models
reaching almost perfect performance, while Un-
reliability also achieved consistently high scores
across models. Reliability improved substantially
under few-shot prompting, where GPT-4.1—series
models achieved the highest scores. In contrast,
Deception and Dishonesty were slightly better
classified with zero-shot, suggesting that these di-
mensions are less dependent on additional contex-
tual examples. Dimensions such as Integrity and
Transparency remained comparatively difficult to
classify across both techniques, indicating persis-
tent difficulty in detecting more abstract or implic-
itly expressed dimensions.

Based on the results and comparing recall, pre-
cision, and F1 score of the models, we observe that
the majority approach penalizes over-prediction of
dimensions, rewarding consensus. On the other
hand, the any approach rewards identifying di-
mensions that are more challenging to detect, en-
couraging the diversity in how dimensions of trust
or trust can be implied. Given the variability
in performance across dimensions and the ab-
sence of a single model that consistently outper-
formed the others, we selected the best-performing
model for each dimension based on the any eval-
uation results. We then applied this dimension-
specific model selection strategy to annotate the
full dataset.

Label Distribution. Table 8 reports the fre-
quency of dimensions in the annotated set (for
two ground-truth methods) and the entire dataset,
predicted by LLMs. Within Trust-labeled posts,
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Strategy  Type Model Dimensions Average
Ben Com Dec Dis Fam 1Inc Int Mal Opa Rel Tra Unf Unr Fl
Llama-4 036 0.89 045 041 025 0.75 022 051 027 043 019 0.14 0.74 043
Zero-Shot GPT-5-2025-08-07 032 0.88 043 042 032 074 029 052 028 042 020 0.11 0.67 043
GPT-5-mini-2025-08-07 036 0.89 042 045 031 076 025 0.55 034 0.68 020 0.11 079 047
GPT-40-2024-11-20 035 0.89 045 039 030 073 020 043 039 046 0.14 0.15 0.77 043
Majority GPT-5.1-2025-11-13 038 0.88 047 036 032 071 019 041 032 0.69 024 0.17 0.77 045
Few-Shot GPT-5-mini-2025-08-07 036 0.89 045 042 034 0.73 025 051 034 057 019 0.15 080 046
GPT-40-mini-2024-07-18 045 0.88 044 0.51 030 0.73 020 044 035 0.57 0.15 0.13 0.78 0.46
GPT-4.1-2025-04-14 043 0.88 049 037 034 075 023 044 038 0.67 020 0.12 080 047
Mixtral-8x7B 047 095 035 045 070 048 0.12 033 053 056 025 0.15 093 048
Llama-4 032 097 056 042 030 0.86 023 042 020 041 0.11 0.09 0.75 043
Zero-Shot  GPT-5-mini-2025-08-07 041 097 053 052 073 0.87 020 036 052 0.68 023 023 084 055
GPT-40-2024-11-20 043 097 059 045 075 0.77 0.10 0.53 044 044 0.13 020 0.82 051
Any GPT-4.1-2025-04-14 029 096 052 036 077 0.81 0.10 049 048 0.58 0.09 030 0.85 051
Mixtral-8x7B 057 095 022 051 068 0.71 026 046 0.55 0.66 035 023 090 0.54
GPT-5-2025-08-07 026 097 040 041 058 0.78 0.16 042 045 047 021 0.18 0.74 046
Few-Shot  GPT-5-mini-2025-08-07 040 097 049 044 072 0.72 0.17 044 057 056 026 0.18 083 052
GPT-4.1-2025-04-14 039 096 052 036 061 0.74 0.14 053 050 0.74 0.12 0.18 0.83 051
GPT-4.1-mini-2025-04-14  0.54 092 047 024 062 0.61 0.10 0.60 038 0.63 020 0.16 0.76 0.48

Table 7: Selected classification result of dimensions using zero-shot and few-shot prompting, and any
and majority strategies. Dimensions abbreviated as Benevolence (Ben), Competence (Com), Decep-
tion (Dec), Dishonesty (Dis), Familiarity (Fam), Incompetence (Inc), Integrity (Int), Malevolence (Mal),
Opaqueness (Opa), Reliability (Rel), Transparency (Tra), Unfamiliarity (Unf), Unreliability (Unr). Full

result in Tables F1 and F2 in Appendix.

Dimension Annotated (Majority/Any) All Data
Competence 747/ 1095 70,851
Reliability 611/ 1068 48,011
2 Familiarity 176/ 793 57,496
&  Transparency 82/ 649 35,514
Benevolence 61/ 416 21,887
Integrity 58/ 580 8,480
Unreliability 689/ 1179 56,257
Incompetence 563/ 1081 42,312
o Opaqueness 114/ 700 24,407
£ Deception 159/ 676 23478
E Dishonesty 156/ 709 17,631
Unfamiliarity 23/ 454 24,469
Malevolence 60/ 332 10,303

Table 8: Frequency of dimensions in the annotated
and full datasets. Each post can have more than
one dimension. For the full dataset, we only used
Any as our labeling strategy.

Competence, Reliability, and Familiarity were
the most common, reflecting how users primar-
ily evaluate GenAl in terms of technical perfor-
mance and personal experience. By contrast, eth-
ical or normative dimensions such as Integrity,
Transparency, and Benevolence appeared less fre-
quently. Within Distrust-labeled posts, Unrelia-
bility, and Incompetence dominated, echoing con-
cerns about functionality and accuracy. Other
dimensions, such as Deception, Dishonesty, and
Opaqueness, occurred moderately often, while ex-
plicitly value-focused categories like Malevolence
remained rare. Overall, the functionality-related
and performance-oriented dimensions dominated

both Trust and Distrust discourse, while ethical
and normative aspects were less present.
Temporal Changes of Dimensions. Figure 3
shows how dimensions evolve in our data. Among
dimensions of Trust, we observed Competence as
the most dominant, maintaining the highest preva-
lence across the entire timeline. This suggests that
perceptions of whether GenAl can effectively per-
form tasks were the central lens through which
Trust was framed. Familiarity also remained con-
sistently high, indicating that repeated exposure
and growing experience with these systems rein-
forced Trust over time. Reliability appeared some-
what lower but still steady, pointing to its impor-
tance as a complementary indicator of technical
soundness. Integrity, Transparency, and Benevo-
lence remained marginal throughout. Their rela-
tive flatness across the timeline shows that while
ethical values were present in discourse, they
played a secondary role compared to functionality
and user experience in social media discourse. The
Distrust dimensions showed greater volatility and
relatively lower presence in the data. Unreliabil-
ity and Incompetence dominated this category, re-
flecting sustained concerns with system accuracy
and task performance. Opaqueness and Deception
also had modest rises over time, which can point
to ongoing worries about transparency and hallu-
cination. In contrast, Malevolence and Dishonesty
remained minimal throughout, rarely gaining trac-
tion even in periods of heightened public debate.
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Figure 3: Normalized distribution of dimensions over time

Dimensions Co-occurence. To understand the
relationships between dimensions, we calculated
the Jaccard index for co-occurrence of different
pairs of dimensions (Table F3 in Appendix). In
the Trust posts, the strongest co-occurrence was
between Competence and Familiarity (J = 0.76),
followed by Competence with Reliability (0.66)
and Familiarity with Reliability (0.52). Pairs such
as Competence-Transparency and Transparency-
Familiarity showed moderate overlap, suggest-
ing that technical performance and clarity of sys-
tem behavior were often discussed together. For
Distrust, the dominant pair was Incompetence-
Unreliability (J = 0.67), indicating that function-
ality failures were central to negative percep-
tions. Other notable co-occurrences were Opaque-
ness-Unreliability, and Unreliability-Deception,
reflecting concerns about opacity and misinforma-
tion. Overall, Jaccard was higher for pairs of trust
dimensions compared to distrust dimensions.

Classification Performance vs. Human Agree-
ment. We noticed that the classification perfor-
mance was lower than expected for several dimen-
sions, including Integrity, Transparency, and Un-
familiarity, even with their best respective models.
To further examine this, we analyzed how human
annotators employed different dimensions during
coding. We computed an aggregate ratio for each
dimension reflecting both their frequency of use
and the level of annotator agreement. Specifically,
the ratio corresponds to the proportion of annota-
tors assigning a given dimension to a post. For
instance, if three out of five annotators label a post
with Competence, the ratio for that dimension is
0.6 (3 out of 5), whereas dimensions not selected
by any annotator receive a value of zero. These
ratios were then aggregated across the annotated

dataset for each dimension (Table F4). To assess
classification performance across dimensions, we
examined the relationship between aggregate an-
notation ratios and classification scores under the
majority and any evaluation criteria. Our results
(Figure F1 in Appendix) suggest a strong Pearson
correlation between aggregate rates and classifi-
cation performance (r = 0.83 in both approaches
and statistically significant). While functionality-
related dimensions such as Competence, Reliabil-
ity and their semantic opposites demonstrate both
a high agreement rate among human annotators
and a high classification performance, ethical di-
mensions like Integrity and Transparency are suf-
fering from both a low aggregated presence in
human-annotators labels and a low classification
performance.

4.3 Reasons of Turst & Trustors

Classification. Table 9 reports model perfor-
mance on identifying the implied Reason for Trust
or Distrust, as well as the Trustor in each post.
Performance was relatively strong across models
for both tasks. For Reason, GPT-5-mini performed
best (F1 = 0.87), surpassing other models on both
precision and recall. For Trustor, F1 scores were
very close. GPT-5.1 and GPT-4.1 achieved the
highest F1 (0.8), though GPT-5.1 showed slightly
higher recall and precision. Given these results,
we adopted GPT-5-mini for Reason and GPT-5.1
for Trustor to label the rest of our dataset with
batch processing.

Reasons of Trust. Figure 4 shows the distribu-
tion of Reasons cited for posts labeled as Trust,
Distrust, and Both. Across all three categories,
‘personal experience using AI’ was in the major-
ity of posts, indicating that direct interaction with
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Model Precision Recall F1-Score
Reasons of Trust
GPT-5.2 0.90 0.80 0.85
GPT-5.1 0.86 0.75 0.79
GPT-5 0.90 0.82 0.85
GPT-5-mini 0.91 0.85 0.87
GPT-5-nano 0.91 0.77 0.82
GPT-40 0.91 0.78 0.83
GPT-40-mini 0.87 0.71 0.78
GPT4.1 0.89 0.85 0.86
GPT-4.1-mini 0.88 0.79 0.83
GPT-4.1-nano 0.85 0.15 0.22
Trustors
GPT-5.2 0.80 0.79 0.78
GPT-5.1 0.81 0.82 0.80
GPT-5 0.80 0.79 0.78
GPT-5-mini 0.79 0.81 0.79
GPT-5-nano 0.78 0.78 0.78
GPT-40 0.80 0.79 0.79
GPT-40-mini 0.77 0.79 0.76
GPT-4.1 0.80 0.81 0.80
GPT-4.1-mini 0.78 0.81 0.78
GPT-4.1-nano 0.69 0.67 0.67

Table 9: Classification for Reason and Trustor

GenAl was the primary driver of both Trust and
Distrust. Among secondary reasons, ‘general per-
ception of AI’ appeared more frequently in Trust
posts, while ‘general perception toward responsi-
ble companies’ were more common in Distrust.
‘Reports from media or experts’ were cited as the
secondary reason for posts tagged as Both. ‘Dis-
cussions on social media,” and ‘experience from
friends, families, colleagues’ were minimal, sug-
gesting these external factors play only a supple-
mentary role. Overall, these results reinforce that
Trust and Distrust in GenAl are predominantly
framed through firsthand use, with external nar-
ratives adding nuance but less weight (OpenAl,
2025).

Trustors. Figure 5 shows the breakdown of labels
within each Trustor group. Among business lead-
ers, academics, software developers, and tech pro-
fessionals, Trust outweighs Distrust. In contrast,
Distrust is more prevalent among Al ethicists,
the general public, media & journalists (although
smaller). Generative Al users (the largest group),
and educators & knowledge workers were distinc-
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Figure 5: Distribution of different Trustor groups

tive in showing relatively balanced levels of Trust
and Distrust, suggesting a more cautious or di-
vided perspective. These patterns show that while
direct user experience drives the overall framing of
(dis)trust, different stakeholders emphasize con-
trasting evaluations, highlighting the sociotechni-
cal complexity of GenAl discourse.

5 Discussion

Trust and Distrust Are Not Static. Our analysis
shows that Trust and Distrust co-exist in GenAl
discourse, each accounting for a substantial share
of posts, with local surges triggered by model re-
leases. This dynamic mirrors survey findings that
public attitudes toward Al remain mixed, balanc-
ing optimism with concern (Pew Research Cen-
ter, 2025). It echoes work showing that break-
through announcements coincide with intensified
debate and media coverage (Ng and Chow, 2024;
Leiter et al., 2024). Rather than converging to-
ward stable positions, online discourse repeat-
edly oscillates between optimism and skepticism,
showing the evolving nature of debates about the
technology’s value and risks. This is consistent
with process-oriented models of human—Al trust
in the literature (McGrath et al., 2025). Dimen-
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sions analysis reveals that discourse is anchored
in functionality: Competence, Reliability, and Fa-
miliarity dominate, while ethical dimensions such
as Transparency, Integrity, and Benevolence are
less salient. This imbalance suggests that users
prioritize whether GenAl “works” over whether
it is “good,” reflecting prior findings that func-
tionality and reliability form the baseline for tech-
nology adoption (Jiang et al., 2025; Gefen et al.,
2024). Ethical concerns, though visible, remain
secondary in everyday discussions, surfacing pri-
marily in moments of controversy or policy de-
bate (Crawford, 2021). Dimension co-occurrence
analysis shows that functional dimensions fre-
quently appear together. Jaccard values are higher
for Trust pairs than for Distrust pairs, suggest-
ing users often combine multiple positive aspects
of trustworthiness, while expressing distrust more
narrowly.

Dimensions: Classification vs. Salience. The re-
lationship between classification performance and
aggregate annotation ratios (which reflect both di-
mension prevalence and annotator agreement) in-
dicates that model performance is closely tied to
the clarity and consistency with which dimen-
sions are expressed. Dimensions such as Com-
petence and Reliability, which exhibit higher ag-
gregate ratios, also achieve stronger classification
performance. This suggests that models perform
best when signals are both frequent and consis-
tently interpreted by annotators. In contrast, di-
mensions such as Integrity and Transparency ap-
pear less frequently and show weaker classifi-
cation results. These dimensions are more ab-
stract and value-driven, making them harder for
both annotators and models to identify reliably.
The observed performance gap, therefore, reflects
not only computational limitations but also dif-
ferences in how users articulate (Dis)Trust on-
line: concrete performance-related concerns tend
to be expressed explicitly, whereas ethical cri-
tiques often require broader contextual interpre-
tation (Binns et al., 2018). Prior work shows
that annotation disagreement in subjective tasks
frequently reflects genuine interpretive variation
rather than noise, and that model performance is
constrained by the level of human consensus in
the training data (Aroyo and Welty, 2015; Pavlick
and Kwiatkowski, 2019). Our findings suggest
that lower performance on certain dimensions re-
flects variability in human interpretation as much

as modeling limitations.

Trust and Distrust Depend on Who. Trust in
GenAl is not uniform but shaped by the iden-
tity and perspective of the Trustor (Balayn et al.,
2024). Our analysis shows that business lead-
ers, academics, software developers, media, and
tech professionals express more Trust than Dis-
trust, consistent with survey evidence that experts
tend to be more optimistic about Al than the gen-
eral public (Gramlich, 2025). By contrast, Al
ethicists and the general public lean more toward
Distrust, reflecting critical perspectives grounded
in ethical concerns and lived experience, echoing
national survey findings of a widening Al opti-
mism—skepticism divide (Schumann, 2025). Edu-
cators and knowledge workers show almost equal
levels of Trust and Distrust, suggesting a more
cautious or divided perspective. This aligns with
prior work showing ambivalence in professional
settings where Al intersects with labor and ped-
agogy (Buhmann and Fieseler, 2023). Results
for Reasons highlight personal experience as the
dominant basis for Trust or Distrust, outweighting
mentions of external factors such as media reports
and Al companies. This is consistent with usage
studies by OpenAl and Anthropic (OpenAl, 2025;
Anthropic, 2025), and previous research in HCI
(Razi et al., 2024), which found most LLM inter-
actions to be direct and experiential.

Governance, Design, and Literacy. We show
that Trust and Distrust co-exist, and rather than
converging toward a stable consensus, they con-
tinuously fluctuate. Governance frameworks and
design practices must therefore treat both as in-
dependent forces, echoing the “trust and dis-
trust paradox” where confidence and skepticism
are expressed simultaneously (Ou and Sia, 2009).
Our finding that functionality-oriented dimensions
dominate over ethical ones raises questions about
alignment with theoretical frameworks of Trust.
Previous work (Mayer et al., 1995; Glikson and
Woolley, 2020; Lee and See, 2004) incorporates
both cognitive and affective factors that shape
Trust, emphasizing ability, integrity, and benev-
olence as fundamental foundations of Trust that
co-exist. Yet in public discourse, ability-based
judgments dominate, while Integrity and Benevo-
lence are far less salient. This suggests that clas-
sical definitions may not fully capture social me-
dia discourse on GenAl, how users articulate Trust
in GenAl, or that users implicitly collapse ethical
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and normative concerns into judgments of perfor-
mance. This pattern likely reflects the experiential
nature of social media discourse, where users eval-
uate technologies through direct interaction rather
than institutional or ethical reasoning, overlooking
normative, ethical concerns. Our results thus in-
vite reconsideration of whether Trust in Al, as ex-
pressed in social media narratives, aligns with or
diverges from established theoretical frameworks.
From a digital literacy perspective, our findings
highlight a gap between expert concerns and ev-
eryday user priorities: while policymakers em-
phasize fairness, bias, and accountability, most
users focus on whether GenAl “works” in prac-
tice. Here, “working” often reflects perceived use-
fulness, whether outputs appear coherent, help-
ful, or time-saving, rather than evaluation of fac-
tual accuracy, bias, or completeness. A response
that “looks acceptable” may still contain subtle er-
rors or normative distortions that go unnoticed in
routine use. Strengthening Al literacy, therefore,
requires making normative risks visible in ways
that connect to everyday use, ensuring governance
frameworks address both practical utility and epis-
temic quality. These findings underscore the so-
ciotechnical complexity of GenAl and the need
for more comprehensive Al governance (Long and
Magerko, 2020; Jobin et al., 2019).

6 Limitations

Our study has several limitations. First, in the
classification of dimensions, performance varied
across labels. Categories such as Competence
and Reliability were classified with higher accu-
racy, but abstract dimensions like Transparency
and Integrity performed poorly. We investigated
the overall presence of dimensions in the sample
set and found the link between the scarcity of these
dimensions in the data and classification perfor-
mance. We retained these dimensions but interpret
them cautiously. Future work could improve reli-
ability with expert input or hierarchical schemes
that separate functional from normative dimen-
sions. Second, our data is only in English and
comes from Reddit, which, while large and tempo-
rally rich, skews younger and technologically en-
gaged. Thus, our findings reflect specific online
communities rather than the general population,
and cross-platform studies are needed for broader
validation. While LLM-assisted classification is
promising, models still struggle with ambivalence

(Both) and abstract normative categories, which
are difficult to detect in informal posts.

7 Ethical Considerations

All data collection and annotation procedures
were conducted under institutional IRB approval.
Participants provided informed consent prior to
beginning the study and were clearly informed of
their rights, including the ability to withdraw at
any time without penalty. Annotators recruited
through Prolific were compensated at an average
rate of 10 USD/hour, which was above minimum
wage at the time of study and consistent with rec-
ommended fair-pay practices for crowdsourced re-
search. We also included mechanisms to support
participant well-being, such as a help button in
the annotation interface and direct communication
channels with the research team for resolving con-
cerns. All posts were collected from publicly ac-
cessible subreddits, and we excluded deleted or re-
moved content to respect author intent. To mini-
mize risks of re-identification, posts were anno-
tated in de-identified form, and no usernames or
direct links were shared. We recognize that re-
search on Trust and Distrust in GenAl carries
broader ethical stakes. Our findings describe how
public perceptions evolve in online communities,
but should not be misused as definitive judgments
about the reliability or trustworthiness of GenAl
systems themselves. Instead, this work contributes
to transparent monitoring of public discourse, with
the goal of informing responsible Al design, gov-
ernance, and literacy initiatives.
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A Data Collection

Table Al shows the list of selected subreddits
with counts of raw extracted posts and cleaned
posts (before removing short posts). Here is the
list of keywords related to generative Al: Large
Language Model*, LLM, LLMs, LLM*, GPT¥,
ChatGPT*, Google Bard, LLaMA*, Claude An-
thropic, Al apocalypse, Claude, OpenAl, Gem-
ini, Language Models, PalLM, Pathways Language
Model, Fine-tuned Language Net, FLAN, LaMDA,
BLOOM, Language Model for Dialogue Applica-
tion, BigScience Large Open-science Open-access
Multilingual Language Model, Mistral Al, Mix-
tral, Replika, Deepseek, Gen-Al, GenAl, genera-
tive Al, Gen Al, generative artificial intelligence.

B Dimensions of Trust and Distrust

Table B1 provides the full list of dimensions ex-
tracted from the literature. This list was further

Subreddit Creation Date #Raw Post  #Filtered Post
r/AlJobs 24-Oct-17 135 9
r/Claude 6-Dec-13 188 116
r/OpenSource Al 29-Jan-21 599 128
1/AlTools 24-Sep-20 639 78
1/NLP 31-Dec-08 1,231 3
r/Mistral Al 13-Jun-23 1,397 380
r/PromptDesign 10-Jun-22 1,617 411
r/HuggingFace 29-Aug-21 1,663 349
r/Anthropic 4-Feb-23 2,058 808
r/ControlProblem 29-Aug-15 3,434 203
r/LanguageTechnology10-Mar-10 4,177 895
1/AGI 28-Jan-08 4,534 675
r/Automate 26-Jun-12 5,182 415
r/PromptEngineering 26-Feb-21 5,279 2,454
r/MLQuestions 4-Mar-14 8,362 1,097
r/deepseek 23-Nov-23 8,510 3,449
r/reinforcementlearning2-Mar-12 8,593 387
r/GPT3 17-Jul-20 9,078 1,978
r/deeplearning 27-Nov-11 11,964 1,446
r/ChatGPTCoding 6-Dec-22 14,802 5,333
r/compsci 24-Mar-08 15,105 285
1r/GitHub 22-Oct-10 16,100 378
r/Bard 6-Feb-09 19,141 6,905
r/learnmachinelearning23-Feb-16 37,431 4,434
r/Futurology 12-Dec-11 41,684 893
r/artificial 13-Mar-08 50,374 3,370
r/replika 14-Mar-17 52,756 9,687
r/programming 28-Feb-06 68,796 513
r/LocalLLaMA 10-Mar-23 70,812 21,377
r/OpenAl 11-Dec-15 73,004 18,262
r/Artificiallnteligence 25-Feb-16 75,496 11,007
r/singularity 28-Jan-08 77,729 9,111
r/MachineLearning 29-Jul-09 82,513 5,689
r/technology 25-Jan-08 128,322 13
r/webdev 25-Jan-09 136,992 2,011
r/midjourney 13-Mar-22 147,076 979
r/StableDiffusion 23-Jul-22 162,138 3,012
r/Entrepreneur 21-Aug-08 193,635 2,581
r/ChatGPT 1-Dec-22 402,353 109,448

Table Al: List of subreddits used for data collec-
tion

refined for our study as explained in § 3.2.1.

C Annotation Procedure

C.1 Annotation Sample

We sampled 3K posts from our dataset for crowd-
sourced annotation. Rather than relying on purely
random sampling, we used a targeted strategy to
ensure sufficient representation of the key classes
of interest: Trust and Distrust. Specifically, we
first applied two open-source LL.Ms (Mixtral and
Llama) to 5K posts and retained posts where both
models agreed on one of the following labels:
Trust, Distrust, or Both. From this subset, we
drew a stratified random sample such that the fi-
nal annotated dataset consisted of 40% Trust, 40%
Distrust, and 20% Neither. This approach ensured
that the annotation set contained a meaningful pro-
portion of posts relevant to our research focus
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Dimensions Papers

Reliability (Zhang et al., 2023; McKnight et al., 2009; Bach
et al., 2024; Braga et al., 2018; de Cerqueira et al.,
2025)

Integrity (McKnight et al., 2017; Harrison McKnight and
Chervany, 2001; McKnight and Chervany, 2001;
Braga et al., 2018; de Cerqueira et al., 2025)

Benevolence (Lankton and McKnight, 2011; Lankton et al., 2015;
Zhang et al., 2024; Kim et al., 2024; de Cerqueira
etal., 2025)

Competence (McKnight et al., 2017; Harrison McKnight and
Chervany, 2001; McKnight and Chervany, 2001;
Braga et al., 2018; Xu et al., 2014)

Functionality (Xu et al., 2014; Lankton and McKnight, 2011;
Lankton et al., 2015)

Security (Zhang et al., 2023; Bach et al., 2024)

Privacy (Zhang et al., 2023)

Transparency (Bach et al., 2024; Braga et al., 2018; Klingbeil
etal., 2024; Shin, 2021; Duenser and Douglas, 2023;
de Cerqueira et al., 2025)

Usability (Zhang et al., 2023; Xu et al., 2014)

Helpfulness (McKnight et al., 2009; Lankton and McKnight,
2011; Lankton et al., 2015)

Accuracy (Bach et al., 2024; Schuetz et al., 2025; Salimzadeh
etal., 2024)

Ethical use (Zhang et al., 2023)

Predictability (Harrison McKnight and Chervany, 2001; McK-
night and Chervany, 2001; Braga et al., 2018)

Responsiveness (Zhang et al., 2023)

Relatability (Bach et al., 2024)
Explainability (de Cerqueira et al., 2025)
Appearance (Xu et al., 2014)
Consistency (McKnight et al., 2009)

Decision-making  (Salimzadeh et al., 2024; Klingbeil et al., 2024)

Comprehension  (Salimzadeh et al., 2024)
Appraisal (Salimzadeh et al., 2024)
Availability (Salimzadeh et al., 2024)
Relevance (Salimzadeh et al., 2024)
Interpretability (Salimzadeh et al., 2024)
Reliance (Klingbeil et al., 2024; Salimzadeh et al., 2024;

Zhang et al., 2024)

Algorithmic bias  (Klingbeil et al., 2024)

Contradiction (Klingbeil et al., 2024)

Deception (Klingbeil et al., 2024)

Complexity (Salimzadeh et al., 2024)

Difficulty (Salimzadeh et al., 2024)

Uncertainty (Salimzadeh et al., 2024)

Familiarity (Bach et al., 2024)

Malevolence (Zhang et al., 2024; McKnight et al., 2017)
Deceit (McKnight et al., 2017)

Incompetence (McKnight et al., 2017)

Table B1: Initial list of Trust and Distrust dimen-
sions from the literature

while still preserving diversity in the data. As a
result, the label distribution in the annotated sam-
ple differs from that of the full collected dataset.

C.2 Annotation Guideline and Questions

The annotators were given the following guide-
lines and questions:

Task Introduction

The purpose of this annotation task is to understand
how people discuss trust and distrust toward
Generative AI (GenAI) and the companies responsible
for its development:

- Trust is defined as a belief in the reliability,
competence, or integrity of GenAI technologies /
responsible companies, leading to positive
expectations about their performance and ethical

behavior.

- Distrust is defined as skepticism or concern about
the reliability, competence, or ethical
implications of GenAI / responsible companies,
leading to negative expectations or cautious

behavior toward these technologies or companies.

You will identify the presence or absence of trust

or distrust in each text, as well as the entities

who are trustors (those who express trust or

distrust) of specific GenAI systems/ companies.

Additionally, you will annotate the dimensions of

trust or distrust, which include aspects such as
reliability, transparency, integrity, and deception.
Instruction

Please note that you need to answer all the

necessary questions for each text to move forward to
the next one, otherwise you will see an error that

keeps you from moving to the next text.

This instruction is accessible throughout the

annotation through the ‘‘Help’’ button on the upper-
left side of the screen. Please make sure to use it

at any time you need to review the definitions and
instructions.

Identify Trust or Distrust

For each text, determine whether it primarily

expresses:

Trust

Distrust

Both

Neither

If the label is Neither, move on to the next post by
skipping the following questions. If the label is

Trust, Distrust, or Both, continue.

Label Trust Dimensions

Here are the definitions of trust dimensions. Choose
one or more that are explicitly or implicitly

mentioned:

- Reliability (Consistent and accurate performance):
Consistency and accuracy of the information

provided by LLMs.

— Transparency (Openness about how AI works):

open and clear about how data is collected,

processed, and how LLM works.

- Familiarity (Previous experience with AI):

Previous experience with AI or tools that makes LLMs
more familiar.

- Integrity (Ethical use of AI): AI tool following a
set of (ethical) principles that the user finds

acceptable.

- Competence (Ability to perform tasks effectively):
Having the capability, functionality, or features

to do what users want

- Benevolence (Good intentions behind AI): Belief

that LLMs want to do good to the user and have good
intentions.

Label Distrust Dimensions

Here are the definitions of distrust dimensions.

Choose one or more that are explicitly or implicitly
mentioned:

— Unreliability (Inconsistent, inaccurate results):

Consistency and accuracy of the information provided
by LLMs.

- Opaqueness (Lack of openness or explainability):

Being open and clear about how data is collected,

processed, and how LLM works.

— Unfamiliarity (Uncertainty due to new or

unfamiliar tech): Previous experience with AI or

tools that makes LLMs more familiar.

— Dishonesty (Ethical concerns about lack of
integrity, bias, manipulation): AI tool following a
set of (ethical) principles that the user finds

acceptable.

- Incompetence (Fails to perform tasks effectively):
Having the capability, functionality, or features

to do what users want

— Deception (Misleading or fabricated responses):

Belief that LLM is dishonest and potentially

provides false information, e.g., hallucination and

make up stuff.

— Malevolence (Harmful or dangerous AI use): Belief

that LLMs have the intention to harm the user, don’t
want to do good to the user.

Identify Reasons

What reasons for trust or distrust are mentioned in

the text? Identify the options from the list

provided in the questions.

Identify Trustor

Trustor:The entity expressing trust or distrust.

Being
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Available options are:
- Generative AI users
- Software developers
— Researchers or academics
— Tech industry professionals
— General public
- Media and journalists
— Business leaders or executives
— AI ethicists or advocacy groups
- Artists or creatives
— Educators and knowledge workers
Other
Additional Points
This annotation task focuses on Generative AI and
large language models (LLMs) such as ChatGPT, and
companies responsible for their development (e.g.,
OpenAI). If trust is directed toward unrelated
factors (e.g., hardware issues, people, or unrelated
software), those should not be annotated. Focus
only on trust or distrust related to LLMs, GenAI
technologies, and responsible companies.

Annotation 1: Guideline.

Question 1:

Does the post express any level of trust or
distrust in generative AI models or companies (e.g.,
ChatGPT, Llama, Open AI, or similar)?

— Trust

— Distrust

- Both Trust and Distrust

— Neither, No trust or distrust

Question 2:

Which dimensions of trust are discussed or implied
in the post? (Select all that apply)

Reliability, Transparency, Familiarity, Integrity,
Competence, Benevolence, None of the above.

Question 3:

Which dimensions of distrust are discussed or
implied in the post? (Select all that apply)

Unreliability, Opaqueness, Unfamiliarity, Dishonesty
, Incompetence, Deception, Malevolence, None of the
above.

Question 4:

What is the main reason for trust or distrust
expressed in the post? (Select one primary reason)

Personal experience using AI models

- Reports from media or experts

— Discussions on social media or online forums

— General perception of AI technology

— General perception toward responsible companies
- Experiences from friends, families, colleagues,
etc. who used it

— Other

Question 5:

Who is expressing trust or distrust? (Trustor)

— Generative AI users

- Software developers

— Researchers or academics

— Tech industry professionals

— General public

— Media and journalists

— Business leaders or executives

— AI ethicists or advocacy groups

- Artists or creatives

— Educators and knowledge workers

- Other

Annotation 2: Main Questions.

How old are you?
- 18-24
- 25-34
- 35-44
- 45-54
- 55-64
- 65 or older
Prefer not to say
Which of the following genders do you most identify

w1th°
Male

- Female

- Non-binary/ third gender
— Others

- Prefer not to answer

Which of the following best describes you? Select

all that apply.
- Asian
- Black or African American
— Hispanic or Latino
- Native American or Alaska Native
- Native Hawaiian or Pacific Islander
- White
Other
What is the highest level of education you have
completed?
- Some high school, no diploma

- High school diploma or GED
- Some college, no degree
- Associate (2-year) degree
— Bachelor’s (4-year) degree
- Master’s degree
- Doctorate degree
Prefer not to say
Which of the following best describes your
employment status?
- Employed full-time
- Employed part-time
- Student
— Disabled
— Retired
— Unemployed
- Prefer not to say
Which of the following best describes your total

annual income?
- Under 30,000

- 30,000 to 49,999
- 50,000 to 74,999
- 75,000 to 99,999
- 100,000 to 149,999
- 150,000 or more
- Prefer not to say
Which political party do you typically support?
- Democratic Party
- Republican Party
— Libertarian Party
- Green Party
- Independent
- Other
Prefer not to say
What is your native language?
- English
- Spanish
- Arabic
— Chinese
— Hindi
— Other
- Prefer not to say
How would you describe your level of comfort and
proficiency with technology?
— Beginner: I have limited experience with
technology and often need assistance.
- Intermediate: I am comfortable using common
technology and can troubleshoot basic issues.
— Advanced: I am very comfortable with technology
and can handle complex software or troubleshoot
issues independently.
- Expert: I have extensive knowledge of technology,
including programming, system configuration, and
troubleshooting complex issues
— Prefer not to say
How familiar are you with large language models
(LLMs) like ChatGPT, Llama, or others?
- Not familiar: I have never heard of or used large
language models.
- Somewhat familiar: I’ve heard of large language
models and know a little about what they do.
— Moderately familiar: I understand the basic
functions of large language models and have some
experience with them.
- Very familiar: I have a strong understanding of
large language models and regularly use or study
them.
- Expert: I have extensive knowledge and experience
with large language models, possibly in a
professional or research capacity.
— Prefer not to say
How often do you use LLMsbased models or chatbots?
- Never
- Rarely
- Occasionally
- Frequently
- Always
- Prefer not to say
If you are familiar with large language models e.g.
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ChatGPT, how would you describe your level of trust
in them?
- I fully trust them

— I somewhat trust them

- I'm not sure

- I somewhat distrust them
- I fully distrust them

- Prefer not to say

Annotation 3: Demographic Questions.

C.3 Annotation Interface and Procedure

The study interface included five components: (1)
an introduction page describing the study pur-
pose, (2) an instruction page with detailed guide-
lines and definitions, (3) a question page with five
items per post, (4) a demographic page with 12
questions, and (5) an experience page for feed-
back. The session concluded with an end page that
submitted responses and redirected participants to
Prolific. A Help button allowed access to instruc-
tions at any point. We piloted the interface in-
house (3 participants, 50 posts each) and ran two
Potato tests (5 and 20 participants) before deploy-
ing the main study. Each round recruited 100 Pro-
lific participants to annotate 50 posts each, yield-
ing 1,000 posts per round with five annotations
per post. Three attention checks were embedded,
and only responses from participants who passed
all were retained. To replace missing data, three
supplemental rounds (17, 17, and 12 participants)
were added. Eligibility required U.S.-based En-
glish speakers with a 95-100% approval rate and
100-10,000 prior submissions. Participants were
paid above minimum wage, with the research team
available for support throughout.

D Prompts Used for Classification Tasks

This section provides the prompts used in each
classification task.

Task Introduction
You are an advanced AI model trained for text
classification. The purpose of this annotation task
is to classify how people discuss trust and distrust
toward Generative AI dimensions of trust in text.
We define trust as a belief in the reliability,
competence, or integrity of GenAI technologies,
leading to positive expectations about their
performance and ethical behavior. On the other hand,
we define distrust as skepticism or concern about
the reliability, competence, or ethical implications
of GenAI, leading to negative expectations or
cautious behavior toward these technologies.
You will identify the presence or absence of trust
or distrust in each text, as well as the dimensions
of trust or distrust, which include aspects such as
reliability, transparency, integrity and deception.
Your task is to classify a given text:
Classify the text into a high-level category based
on showing trust or distrust toward GenAI.Follow the
label definitions strictly.

Classify the text into one of the following
categories in terms of showing trust or distrust
toward Generative AI:

- Trust: The text expresses belief in the
reliability, competence, or integrity of GenAI
technologies, leading to positive expectations about
their performance and ethical behavior.

- Distrust: The text expresses skepticism or concern
about the reliability, competence, or ethical

implications of GenAI, leading to negative

expectations or cautious behavior toward these
technologies or companies.

- Both: The text indicates both trust or distrust in
some way. Such a text shows tendencies that suggest
both trust and distrust at the same time.

— Neither: The text is not expressing trust or

distrust towards GenAI, or is irrelevant to the

context of our study.

Output Format
[Label]

Strictly follow this format and don’t add any other

text.

Read the following text and provide the best labels:
{text}

Prompt 1: Trust vs. Distrust

Task Instruction

You are an advanced AI model trained for text
classification..

We define trust as a belief in the reliability,
competence, or integrity of GenAI technologies,
leading to positive expectations about their
performance and ethical behavior.

On the other hand, we define distrust as skepticism
or concern about the reliability, competence, or
ethical implications of GenAI, leading to negative
expectations or cautious behavior toward these
technologies or companies.

Identify the dimensions of trust/distrust toward
GenAI in text based on {taskl_label}.

Conditional instructions

if taskl_label = Trust:

Choose one or more of the following dimensions:
Reliability, Transparency, Familiarity, Integrity,
Competence, Benevolence
elif taskl_label = Distrust:

Choose one or more of the following dimensions:
Unreliability, Opaqueness, Unfamiliarity, Dishonesty
, Incompetence, Deception, Malevolence
elif taskl_label = Both:

Choose one or more of the dimensions from both
lists
else: (Neither)

No further classification is required. Simply
output Neither.

Output format instructions

After labeling the text with dimensions, add a brief
cue that explains why you chose each of the

dimensions.

Use the following format for your response:

Dimensions: [Dimension 1, Dimension 2, ...]

Cues: [Cue 1, Cue 2, ...]

Strictly follow this format and don’t add any other

text.

Read the following text and provide the best

dimensions: {text}

Prompt 2: Dimensions of Trust vs. Distrust

Task Instruction

You are an assistant in detecting the trustor of
trust or distrust towards Generative AI or Large
Language Models mentioned in the text.

We define trust as a belief in the reliability,
competence, or integrity of GenAI technologies/
responsible companies, leading to positive
expectations about their performance and ethical
behavior. On the other hand, we define distrust as
skepticism or concern about the reliability,
competence, or ethical implications of GenAI/
responsible companies, leading to negative
expectations or cautious behavior toward these
technologies or companies.

Trustor: The entity expressing trust or distrust.
Trustors could be users of GenAI, software
developers, or others.

You will identify the trustor of trust or distrust
in each text from the following options:
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- Generative AI users

- Software developers

— Researchers or academics

— Tech industry professionals

— General public

- Media and journalists

— Business leaders or executives
- AI ethicists or advocacy groups
- Artists or creatives

— Educators and knowledge workers
— Other

Output format:

[Label ID ONLY e.g. 1-7]

Do not add any extra text

Here is the text: {text}

Prompt 3: Detection of Trustor

Task Instruction

You are an assistant in detecting the reasons for

trust or distrust towards Generative AI or Large
Language Models mentioned in the text.

We define trust as a belief in the reliability,
competence, or integrity of GenAI technologies/
responsible companies, leading to positive
expectations about their performance and ethical

behavior. On the other hand, we define distrust as
skepticism or concern about the reliability,
competence, or ethical implications of GenAI/
responsible companies, leading to negative
expectations or cautious behavior toward these
technologies or companies.

You will identify the reason of trust or distrust in
each text from the following options:

- Personal experience using AI models

— Reports from media or experts

— Discussions on social media or online forums

— General perception of AI technology

— General perception toward responsible companies
- Experiences from friends, families, colleagues,
etc.

— Other

Output format:

[Label ID ONLY e.g. 1-7]

Do not add any extra text.

Here is the text: {text}

Prompt 4: Detection of Reasons

E Demographic Summary of Annotators

Table E1 summarizes the demographics of anno-
tators whose responses were retained.

F Additional Results and Performance
Analysis

Tables F1 anf F2 show the full results of dimeniosn
classification. Table F3 shows the top co-occurrent
pairs of dimensions in Trust and Distrust. Table
F4 shows the aggregate ratios of dimensions la-
beled by human annotators. Figure F1 shows how
human agreement rates and classification perfor-
mance for dimensions relate to each other.

G Error Analysis

G.1 Common Misclassification Types

Table G1 shows where misclassifications by LLM
tend to happen using our test set. Most misclas-
sifications occur where Neither is wrongly pre-

dicted instead of Trust or Distrust. While Trust is
wrongly predicted as Distrust 8 times, the reverse
has occurred only once, suggesting that the clas-
sifier is successful overall in not mistaking these
two concepts with each other.

G.2 Linguistic Analysis of Errors

To deepen our understanding of what causes mis-
classifications by our models, we manually re-
viewed every instance in the test set where the
ground-truth label and the label predicted by the
best model (GPT-5.1) were different, and took
notes of where and how errors happened. Table
G2 presents the main types of errors we found, and
two samples for each class. We found a few sam-
ples where the model’s label seemed to be more
appropriate than the humans’; however, these
cases were relatively rare and typically involved
ambiguous language or borderline instances that
allowed for multiple plausible interpretations.

G.3 Zero-Shot vs Few-Shot

We noticed in Table 3 that the performance of
zero-shot and few-shot models matched, where
adding the examples to the few-shot prompt did
not boost the classification performance. We made
two comparisons in particular, one between GPT-
5.1 zero-shot and few-shot (since it was the best
zero-shot model), and the other between GPT-5.1
zero-shot and GPT-5-mini few-shot (the two best
models in each category with the same results).
Figure G1 shows how these two models aligned
with the ground-truth label when they disagreed
with each other. In comparison between GPT-5.1
zero-shot and few-shot, we observed that zero-
shot is more aligned with the correct label when
the label is Trust or Distrust. On the other hand,
the few-shot is more accurate when the correct la-
bel is Both or Neither. This suggests that adding
examples slightly improved the model’s perfor-
mance in understanding nuanced and mixed view-
points, while zero-shot was capable of detecting
more straightforward stances. When comparing
GPT-5.1 zero-shot and GPT-5-mini few-shot (best
model in each type), we observed that zero-shot
was better in detecting Trust and Neither, while
few-shot was overall better when the label was
Distrust or Both. Overall, this pattern indicates
a trade-off between precision in clear, polarized
stances and sensitivity to ambiguity, with prompt-
ing strategy systematically shaping how models
resolve this distinction.
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90

80

70
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40

30

Question # (%) Question # (%)
18-24 25 109% Democratic Party 92  40.0%
25-34 7 33.5% £ Republican Party 87 37.8%
35-44 47 20.4% = ) K
9, 4554 45 19.6% A~ Libertarian Party 4 1.7%
< 5564 25 10.9% .§ Green Party 1 0.4%
65 or older 10 43% ;; Independent 36 15.7%
Prefer not to say 1 04% A Other 3 1.3%
Male 84 36.5% Prefer not to say 7 3.0%
Female 143 62.2% English 229 99.6%
% g;)hne—rtﬁnary / third gender 3 8'(9)22 go Spgnish 0 0%
3 : 5, Chinese 0 0%
Prefer not to say 1 04% S Hindi 0 0%
Asian 4 17% > Arabic 0 0%
Black or African American 64 27.8% E Other 0 0%
Hispanic or Latino 10 43% E Prefer not to sa 1 0.4%
§ Native American or Alaska Native 1 04% Y .
~  Native Hawaiian or Pacific Islander 1 0.4% . Expert 38 16.5%
White 146  63.5% % Advanced 108  47.0%
Other 3 13% - Intermediate 78 33.9%
Prefer not to say 1 04% 4 Beginner 5 22%
Some high school, no diploma 3 13% = Prefer not to say 1 0.4%
High school diploma or GED 14  6.1% Not familiar 7 3.0%
Some college, no degree 26 11.3% 5 Somewhat familiar 31 13.5%
§  Associate (2-year) degree 15 65% = o ’
S Bachelor’s (4-year) degree 95 41.3% g Moderate.l}./ familiar 83 36.1%
.E] Master’s degree 66 28.7% A Very familiar 90 39.1%
Doctorate degree 9 39% 5 Expert 18 7.8%
Prefer not to say 2 09% —  Prefer not to say 1 04%
Employed full-time 133 57.8% Never 9 3.99%
= Employed part-time 59 25.7% 0 Rarely 29 12.6%
g ]S)tll;(;;?; d g ggZ‘j ; Occasionally 56 24.3%
£ Retired 6  2.6% j Frequently 106  46.1%
£ Unemployed 22 9.6% Always 29 12.6%
Prefer not to say 2 09% Prefer not to say 1 04%
$150,000 or more 22 9.6% Fully trust 27 11.7%
375,000 to $99,999 42 183% Somewhat trust 134 583%
2 $100,000 to $149,999 49 21.3% 2
S 550,000 to 74,999 39 17.0% = Notsure 32 13.9%
E$30,000 to $49.999 33 143% ~  Somewhat distrust 32 13.9%
Under $30,000 39 17.0% % Fully distrust 30 13%
Prefer not to say 6  2.6% g Prefer not to say 2 09%
Table E1: Summary of Annotators’ Demographics
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Figure F1: Relationship between human agreement rates and classification performance for dimensions
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Type Model Dimensions Average

Ben Com Dec Dis Fam Inc Int Mal Opa Rel Tra Unf Unr ?rg
gpt-0ss-20b 035 084 048 048 025 074 028 0.52 035 059 0.18 0.09 0.77 0.46
Mixtral-8x7B 024 087 035 036 032 048 0.19 059 030 054 0.18 0.10 0.77 041
Llama-4 036 089 045 041 025 075 022 051 027 043 0.19 0.14 074 043
gpt-5.2-2025-12-11 0.38 087 044 039 028 0.72 021 037 027 053 0.15 019 0.78 043
gpt-5.1-2025-11-13 0.34 088 044 039 029 071 0.17 041 032 060 0.10 0.16 0.73 043
2pt-5-2025-08-07 032 088 043 042 032 074 029 052 028 042 020 0.11 0.67 043

Zero-Shot  gpt-5-mini-2025-08-07 036 089 042 045 031 076 025 055 034 0.68 020 0.11 0.79 047
gpt-5-nano-2025-08-07 033 087 046 040 029 075 0.19 046 036 0.58 022 011 076 044

gpt-40-2024-11-20 035 089 045 039 030 073 020 043 039 046 0.14 0.15 077 043
gpt-40-mini-2024-07-18  0.37 0.87 0.41 048 027 0.73 021 049 034 055 0.16 0.11 0.79 0.44
gpt-4.1-2025-04-14 041 088 048 042 031 075 026 043 037 0.60 0.14 0.12 0.78 0.46

gpt-4.1-mini-2025-04-14  0.31 0.88 047 035 032 0.70 023 041 032 052 0.10 0.10 0.77 0.42
gpt-4.1-nano-2025-04-14 0.31 0.81 036 0.29 031 048 0.18 054 025 059 020 0.07 0.75 0.39

gpt-0ss-20b 038 088 046 035 028 069 024 054 034 0.63 022 0.09 076 0.45
Mixtral-8x7B 020 0.88 025 041 034 066 0.17 045 027 059 021 0.12 078 041
Llama-4 037 089 042 038 022 072 022 043 029 048 0.19 0.04 072 041
gpt-5.2-2025-12-11 041 087 045 035 027 074 020 037 032 053 0.16 0.11 078 043
gpt-5.1-2025-11-13 038 088 047 036 032 071 019 041 032 0.69 024 0.17 077 045
gpt-5-2025-08-07 029 089 046 038 034 075 027 054 031 050 022 015 0.74 045

Few-Shot  gpt-5-mini-2025-08-07 036 089 045 042 034 073 025 051 034 057 019 0.15 080 0.46
gpt-5-nano-2025-08-07 029 086 042 027 032 070 021 053 032 0.62 019 0.09 0.77 043

gpt-40-2024-11-20 032 088 045 039 033 074 025 042 037 044 020 0.11 0.78 0.44
gpt-40-mini-2024-07-18  0.45 0.88 044 0.51 030 0.73 020 044 035 057 0.15 0.13 0.78 0.46
gpt-4.1-2025-04-14 043 088 049 037 034 075 023 044 038 0.67 020 0.12 080 0.47

gpt-4.1-mini-2025-04-14  0.30 0.86 045 034 032 0.67 023 035 035 061 0.17 019 0.75 043
gpt-4.1-nano-2025-04-14  0.31 0.78 0.41 0.22 033 0.60 0.18 048 0.28 0.65 0.17 0.07 0.76 0.40

Table F1: Classification of dimensions of trust and distrust by zero-shot and few-shot models, and the
scores used for our criteria under the Majority Criteria. Dimensions abbreviated as Benevolence (Ben),
Competence (Com), Deception (Dec), Dishonesty (Dis), Familiarity (Fam), Incompetence (Inc), Integrity
(Int), Malevolence (Mal), Opaqueness (Opa), Reliability (Rel), Transparency (Tra), Unfamiliarity (Unf),
Unreliability (Unr).

Type Model Dimensions Average

Ben Com Dec Dis Fam Inc Int Mal Opa Rel Tra Unf Unr ? ;/g
gpt-0ss-20b 035 090 049 040 043 0.84 0.12 033 036 059 0.11 0.18 0.81 046
Mixtral-8x7B 047 095 035 045 070 048 0.12 033 053 056 025 0.15 093 048
Llama-4 032 097 056 042 030 0.86 023 042 020 041 0.11 009 0.75 043
gpt-5.2-2025-12-11 027 094 048 047 039 0.77 0.15 055 020 052 0.11 009 0.79 044
gpt-5.1-2025-11-13 047 095 051 029 075 068 0.07 049 022 059 0.04 0.13 074 046
gpt-5-2025-08-07 024 096 041 047 057 0.87 0.14 032 035 039 0.15 0.17 0.68 0.44

Zero-Shot  gpt-5-mini-2025-08-07 041 097 053 052 073 0.87 020 036 052 068 023 023 0.84 0.55
gpt-5-nano-2025-08-07 047 094 042 028 066 082 017 023 033 058 0.16 0.16 081 0.46

gpt-40-2024-11-20 043 097 059 045 075 077 0.10 0.53 044 044 0.13 020 0.82 0.51
gpt-40-mini-2024-07-18 029 0.94 040 0.38 048 083 0.09 042 050 053 011 029 091 048
gpt-4.1-2025-04-14 029 096 052 036 077 081 0.10 049 048 0.58 0.09 030 085 0.51

gpt-4.1-mini-2025-04-14 049 096 0.50 023 0.64 0.74 0.07 052 043 051 0.08 020 0.80 047
gpt-4.1-nano-2025-04-14 042 086 0.28 0.18 0.60 041 007 036 048 0.60 026 035 081 044

gpt-0ss-20b 043 096 045 029 042 0.68 0.17 041 043 062 0.17 009 0.77 045
Mixtral-8x7B 057 095 022 051 068 071 026 046 055 0.66 035 023 090 0.54
Llama-4 039 097 054 041 022 076 022 046 0.19 044 021 0.10 0.73 043
gpt-5.2-2025-12-11 037 093 044 041 041 073 017 053 025 051 0.18 007 0.77 044
gpt-5.1-2025-11-13 044 096 048 032 0.67 0.67 0.13 050 026 072 0.12 0.14 0.75 048
gpt-5-2025-08-07 026 097 040 041 058 078 0.16 042 045 047 021 0.18 0.74 0.46

Few-Shot  gpt-5-mini-2025-08-07 0.40 097 049 044 072 072 017 044 0.57 056 026 0.18 0.83 0.52
gpt-5-nano-2025-08-07 050 092 038 0.16 0.64 0.68 021 032 047 061 024 023 0.79 047

gpt-40-2024-11-20 049 095 052 041 064 074 013 056 044 042 022 0.18 0.80 0.50
gpt-40-mini-2024-07-18 046 096 044 040 0.55 0.80 0.13 055 054 058 021 0.19 0.79 051
gpt-4.1-2025-04-14 039 096 052 036 061 074 014 053 050 0.74 0.12 0.18 0.83 0.51

gpt-4.1-mini-2025-04-14  0.54 092 047 024 062 061 0.10 0.60 038 0.63 020 0.16 0.76 0.48
gpt-4.1-nano-2025-04-14 053 0.81 047 0.16 057 053 0.17 048 051 070 046 029 081 0.50

Table F2: Classification of dimensions of trust and distrust by zero-shot and few-shot models, and the
scores used for our criteria under the Any Criteria. Dimensions abbreviated as Benevolence (Ben), Com-
petence (Com), Deception (Dec), Dishonesty (Dis), Familiarity (Fam), Incompetence (Inc), Integrity
(Int), Malevolence (Mal), Opaqueness (Opa), Reliability (Rel), Transparency (Tra), Unfamiliarity (Unf),
Unreliability (Unr).
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dim_1 dim_2 co_count Jaccard
Competence  Familiarity 55,275 0.76
Competence  Reliability 47,191 0.66
Familiarity Reliability 36,061 0.52
Competence Transparency 34,206 0.47
§ Familiarity Transparency 27,765 0.43
= Transparency Reliability 24,614 0.42
Competence Benevolence 20,546 0.29
Familiarity Benevolence 16,071 0.25
Reliability Benevolence 13,695 0.24
Transparency  Benevolence 8,481 0.17
Incompetence  Unreliability 39416 0.67
Opaqueness Unreliability 21518 0.36
Deception Unreliability 20967 0.36
< Unreliability ~ Unfamiliarity 20800 0.35
& Unreliability ~ Dishonesty 14744 0.25
-é Incompetence Deception 13374 0.26
Incompetence  Unfamiliarity 13084 0.24
Unfamiliarity =~ Opaqueness 12837 0.36
Opaqueness Incompetence 12327 0.23
Dishonesty Deception 10770 0.35

Table F3: Co-occurrent pairs of dimensions in Trust and Dis-

Dimension Aggregate
Competence 0.75
Familiarity 0.30
Integrity 0.19
Reliability 0.65
Transparency 0.21
Benevolence 0.15
Deception 0.22
Dishonesty 0.24
Incompetence 0.54
Malevolence 0.10
Opaqueness 0.21
Unreliability 0.62
Unfamiliarity 0.11

Table F4: Aggregate ratios of di-
mensions tagged by human annota-

trust

Actual (Ground Truth) Predicted Label Count
Trust Neither 21
Neither Trust 16
Distrust Neither 14
Neither Distrust 11
Trust Distrust 8
Both Distrust 7
Both Trust 5
Trust Both 2
Distrust Trust 1

Table G1: Common mistakes with the best model

Performance on Disagreement Set: Which Model is Better at Breaking Ties? Performance on Disagreement Set: Which Model is Better at Breaking Ties?

Model
N Zero_Shot_Correct
s Few_Shot_Correct

124 Model 14
mmm Zero_Shot_Correct
== Few_Shot_Correct

Number of Correct Predictions
Number of Correct Predictions

Distrust

Neither
Ground Truth Label

(a) zero vs few shot GPT-5.1

Both Distrust

Neither Trust
Ground Truth Label

(b) zero shot GPT-5.1 vs few shot GPT-5-mini

Figure G1: Alignment of zero-shot and few-shot prompts with the ground-truth label in disagreement
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Implicit vs. Explicit Trust Signals: Humans
distinguish between using an LLM and trusting it, often
labeling routine or exploratory use as Neither. In
contrast, models frequently infer implicit Trust from
usage, leading to over-classification of Trust.

How can I use ChatGPT on Mac? I'm a bit lost on what Chat-
GPT to download and what is suitable for my device? I need
to use it on my laptop for work, and I want to help me write
resumes and cover letters.

Transfer PDF into conversations. [ want ChatGPT to summa-
rize papers. But most Journal papers I read are in a double-
column format, which is hard to transfer to TXT. Are there any
efficient ways for this on ChatGPT?

Misinterpretation of Functional and Technical
Queries: Posts framed as technical questions or support
requests are typically labeled as Neither by humans.
Models, however, often misclassify these by either
treating them as Trust (due to engagement) or failing to
detect dissatisfaction, reflecting difficulty separating
instrumental use from attitudinal stance.

Looking for recoms: What’s the best PDF parser in Chat-
GPT? I'm hoping to use ChatGPT’s engine to process some
PDFs, but I'm not sure which PDF parser to use. I've heard of
some, but I was wondering if anyone can share experience or
technical expertise. I appreciate any feedback or recommenda-
tions you might have!

Extremely low usage cap?? I was working very briefly on tun-
ing a GPT and I've apparently reached my cap within about 15
mins. Anyone else??

Failure to Capture Implicit Distrust (Reliability and
Frustration): Humans interpret cues such as frustration,
failure (“not working”), or performance issues as signals
of Distrust. Models frequently miss these implicit
reliability concerns, instead treating them as neutral or
purely transactional content.

You’ve reached the current usage cap for GPT-4, try again
after 2 hours. Is there any way to get through this? Paying for
what if I type only a few messages, I need to wait 2-3 hours? It
was 0, then 1, now it’s about 3 hours?

Still unable to get access to GPT Store. This is ridiculous. 1 still
do not have access to the GPT Store. There aren’t any channels
to report this issue and get it resolved. I just don’t receive any
updates that everyone else is getting.

Difficulty with Nuance and Multi-Target Stances:
Models struggle with complex or mixed expressions,
including simultaneous Trust and criticism (Both),
comparisons across different models or entities, and
distinguishing Trust in LLMSs vs. Distrust in companies
or government. Humans capture these nuances more
effectively, while models tend to collapse them into a
single dominant label.

Does the web browsing option actually work? I have tried 3-4
different tasks for it to do, and it can’t seem to do any of them.
This last one seemed very simple, and it still produced no result.
GPTH4 is still worth the money, but the web version is useless. If
anybody has any tips or has used it for something helpful, I'd
be interested to hear your use cases.

ChatGPT 0, BingAl 0, Bard.Google 3!!! I'm serious, THREE
DAYS IN A ROW, my usual go-to ChatGPT couldn’t answer me
due to its cut-off date for data, Bing refused to answer me due
to its perceived disrespectful term I was using (midgets), and in
another case, simply couldn’t access any data to answer me...
YET BARD CAME THROUGH EVERY TIME with totally cor-
rect, reliable, and accurate information! Guess I have a new Al
“companion” now!

Edge Cases: Due to the nuanced nature of the posts,
some disagreements occurred between human
annotations and model predictions. For example, posts
labeled as Distrust by annotators were sometimes
classified as Neither by the model. These cases reflected
borderline or ambiguous interpretations.

LLM GPU forward compatibility [D] So I heard an interview
with a CoreWeave guy a while back saying that LLMs are not
forward compatible with new GPU. Say it is designed to operate
on A100’s are not able to run efficiently on HI100’s, so A100’s
will be utilized for 5 to 10 years. Is this true?

ChatGPT Bios reliability Is there a good reason that ChatGPT
makes up simple biographies of relatively well-known people?
Try it for yourself if you don’t believe me.

Table G2: Linguistic analysis of errors in classification
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