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Abstract

Large language models are known to produce outputs that are
plausible but factually incorrect. To prevent people from mak-
ing erroneous decisions by blindly trusting Al, researchers
have explored various ways of communicating factuality es-
timates in Al-generated outputs to end-users. However, lit-
tle is known about whether revealing content estimated to
be factually incorrect influences users’ trust when compared
to hiding it altogether. We tested four different ways of dis-
closing an Al-generated output with factuality assessments:
transparent (highlights less factual content), attention (high-
lights factual content), opaqgue (removes less factual content),
ambiguity (makes less factual content vague), and compared
them with a baseline response without factuality informa-
tion. We conducted a human subjects research (N=148) using
the strategies in question-answering scenarios. We found that
the opaque and ambiguity strategies led to higher trust while
maintaining perceived answer quality, compared to the other
strategies. We discuss the efficacy of hiding presumably less
factual content to build end-user trust.

1 Introduction

Large language models (LLMs) are prone to generating fac-
tually incorrect information and presenting it as if it were
true, a phenomenon known as ‘“hallucinations” (Ji et al.
2023). Hallucinations are not only a risk for companies
leveraging LLMs in their customer-facing applications, but
they can also cause significant harm to end-users. For ex-
ample, a company stock value dropped after its Al-powered
product generated a factual error during a public demonstra-
tion (Howell 2023) and another company was sued due to
false information given by its Al chatbot (Yao 2024).
Mitigating hallucinations has become an urgent topic
in research communities and for AI practitioners. They
have developed algorithmic approaches such as optimizing
LLM outputs by retrieving a knowledge base as a refer-
ence (Muther and Smith 2023; Lewis et al. 2020; Yan et al.
2024a) or attributing information in the LLM outputs back
to the sources (Monteiro Paes et al. 2025; Lundberg and Lee
2017; Sundararajan, Taly, and Yan 2017; Ju et al. 2023).
Along with the algorithmic advances, another critical ques-
tion is how the outputs of LLMs are communicated to end-
users in a way that users neither overrely nor underrely on
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LLM responses. Researchers found that calculating and pre-
senting factuality estimates in addition to an Al-generated
response, i.e. assessment of how factual the response is, can
be an effective way to provide insights into the reliability
of the response (Bengio, Ducharme, and Vincent 2000; Far-
quhar et al. 2024). Factuality estimates allow users to recog-
nize incorrect information in the Al-generated answer, thus
helping them to make corrections and better decisions (Cao,
Liu, and Huang 2024).

A popular approach for presenting factuality estimates is
to use visual highlights (Do et al. 2024; Vasconcelos et al.
2025; Sun et al. 2022; Bo, Wan, and Anderson 2025). For ex-
ample, Do et al. (2024) have found that incorporating in-line
highlighting in LLM responses based on factuality levels
made it easier for users to validate the accuracy of the LLM’s
response and increased their trust, compared to a baseline
where no style was applied. More recently, researchers have
begun using the language itself such as epistemic markers to
convey factuality (Kim et al. 2024; Zhou et al. 2024; Cheong
et al. 2024). For instance, Kim et al. (2024) have shown that
the use of hedging language combined with first-person ex-
pressions (e.g., “I’m not sure, but...”) reduced overreliance
while improving users’ judgments about the correct answer.
These works assume that the original Al-generated answer
is always disclosed to the user, which consists of content es-
timated to be less factual (i.e. low factuality content) or more
factual (i.e. high factuality content). In this paper, we chal-
lenge this assumption by asking the following question: Can
we build user trust by hiding low factuality content from the
Al-generated answer?

The disclosure of factuality estimates along with Al-
generated information has been widely acknowledged in tra-
ditional Al systems as a means of transparency, allowing
users to gain a deeper understanding of the system’s capa-
bilities and limitations (Liao and Wortman Vaughan 2024;
Bhatt et al. 2021). However, in human-human conversations,
Grice describes how people achieve cooperative communi-
cations by obeying the quality maxim in which people do not
say things that they believe to be false, and if they do, it can
erode trust (Grice 1975). In a question-answering scenario,
it is often believed that “incorrect answers are worse than no
answers” (Burger et al. 2001). In the context of human-Al
interaction, Vasconcelos et al. (2025) discovered that par-
ticipants were confused by Al highlighting potential errors



and felt that these should not be visible to them. Despite
these perspectives, there is a lack of empirical research on
effects of hiding low factuality content from end-users and
its impact on trust. In this study, we explore four strategies
of communicating an Al-generated response with factuality
estimates (low or high) and a baseline:

1. Baseline: The original Al response is shown without any
factuality assessments (e.g., “He studied architecture be-
fore moving to Paris in 1950”)

2. Transparent: Low factuality content within the response
is highlighted (e.g., “He studied architecture before
moving to Paris in 1950 )

3. Attention: High factuality content within the response is
highlighted (e.g., “ He studied architecture before mov-
ing to Paris in 1950”)

4. Opaque: Low factuality content is simply removed (e.g.,
“He studied architecture [..] ™)

5. Ambiguity: Low factuality content is replaced by vague
statements that are not factually incorrect (e.g., “He stud-
ied architecture before moving to another country in the
1950s”).

In contrast to the baseline and the transparent designs,
the other three designs employ different strategies to down-
play or remove low factuality content, specifically through
removing the highlights, omitting the content entirely, or re-
placing the content with ambiguous language. As a result,
the opaque and ambiguity strategies altered some content of
the Al-generated response, whereas the other three strate-
gies preserved the original response. We aimed to under-
stand the effects of these strategies on user trust in the Al
model and perceptions of the Al-generated answer quality
and transparency in question-answering scenarios. To inves-
tigate these effects, we conducted human subjects research
(N=148) in which a participant answered a set of questions
after reading an Al-generated answer, where low factuality
content was shown or hidden using one of the five strategies.

This research has significant implications for the design of
human-Al interactions by exploring the idea of hiding low
factuality content in an Al-generated answer to build user
trust. The key contributions are as follows:

1. We introduce the ambiguity strategy, a novel approach
that replaces low factuality content with vague state-
ments by reducing the precision of the information. We
explain our technical implementation and evaluation of
the approach, and outline areas for future improvement.

2. Through a user study with 148 participants, each com-
pleting 4 tasks (total 592 tasks), we discovered that
adopting opaque or ambiguity strategies that hide low
factuality content can enhance user trust while maintain-
ing the perceived answer quality and transparency.

3. We discuss the design implications of the proposed
strategies, promoting strategies that enhance the accuracy
of the Al-generated response over transparency-based
approaches. Our findings are relevant for Al practitioners
and application developers who need to make decisions
about the best approach to choose for their use cases.
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2 Related Work

Our study is situated at the intersection of three research
areas, LLM hallucinations and factuality, communication
strategies, and trust in Al systems.

2.1 LLM Hallucinations and Factuality

LLMs have shown impressive capabilities in generating
human-like natural language responses, but their potential to
generate factually incorrect outputs, a phenomenon known
as “hallucinations”, has sparked concerns. The counterpart
of hallucination is factuality, defined as truthfulness or the
quality of being based on facts (Ji et al. 2023; Maynez
et al. 2020). LLMs can present hallucinations with the same
confidence as correct information, which increases the risk
of misinforming users who overrely on Al-generated an-
swers (Spatharioti et al. 2023). There is also a risk of under-
reliance on Al, where people might underestimate its poten-
tial or be hesitant to accept AI’s recommendations, leading
to missed opportunities for productivity and performance
improvements. There is an ongoing research effort in the
machine learning community to advance LLMs and develop
techniques to tackle hallucinations, such as improving the
training process, refining the model architecture and param-
eters, and augmenting LLMs with knowledge bases (Huang
et al. 2025; Ji et al. 2023).

Along with the effort to advance the underlying LLM
technology, researchers have been seeking ways to enhance
transparency of Al models. One form of transparency is esti-
mating and expressing factuality cues, which can help users
examine how much they should trust information generated
by Al (Bhatt et al. 2021; Do et al. 2024; Cao, Liu, and Huang
2024; Kim et al. 2024; Cheng et al. 2024). However, unique
characteristics of LLMs such as generating open-ended, un-
structured, and context-dependent texts, introduce new chal-
lenges in measuring and communicating factuality.

For factuality assessment, uncertainty-based metrics are
widely used, as factual sentences are likely to contain tokens
with lower uncertainty (Manakul, Liusie, and Gales 2023).
Other estimation approaches include measuring the consis-
tency between multiple LLM responses (Manakul, Liusie,
and Gales 2023; Cheng et al. 2024) or cross-checking claims
in the LLM output against retrieved external sources (Min
et al. 2023; Thorne et al. 2018; Wadden et al. 2020). Algo-
rithms for factuality estimation in LLMs is an active topic of
research and is beyond the scope of this paper.

After measuring factuality, another critical question is
how to communicate factuality that is useful to users (Leiser
et al. 2023). Many researchers have studied the use of high-
lights to convey factuality and therefore help users analyze
the accuracy of the Al-generated output easily and take ac-
tions if needed (Do et al. 2024; Sun et al. 2022; Spatharioti
et al. 2023; Bo, Wan, and Anderson 2025). For example, Do
et al. (2024) compared various styles of expressing factuality
scores, including highlights and numerical scores annotated
at the phrase or term level. They found that users trusted and
preferred a style that highlights every phrase in the LLM
output with varying background colors based on a factual-
ity color scale. More recently, researchers have begun using



language itself to convey the likelihood of correctness. For
instance, Kim et al. (2024) investigated the use of hedging
language combined with first-person expressions and found
that such expressions reduced over-trust while improving the
accuracy of the users’ judgments. Our work contributes to
this research area, aiming to identify the best way to com-
municate factuality in Al-generated content to users in a way
that builds an appropriate level of trust.

2.2 Communicating Low Factuality Information

Prior studies have explored ways to express factuality
cues under the assumption that the original Al-generated
content is always disclosed to the user even when it is es-
timated to be less factually correct. As a result, users should
calibrate their trust based on the level of factuality presented.
In this paper, we challenge this assumption by investigating
how to effectively hide less factual information after factual-
ity is calculated. Grice emphasizes the importance of quality
maxim in human-human cooperative conversations which
includes, 1) do not say things that you believe to be false
and 2) do not say things for which you do not have sufficient
evidence (Grice 1975). In the context of human-AlI interac-
tion, Vasconcelos et al. (2025) highlighted the content that
is likely to be edited by users and discovered that users were
confused “why the Al was highlighting its own mistakes”
and “should be not shown” instead.

Despite these views, there has been limited empirical re-
search on whether and how to effectively hide low factuality
information from end-users and how it influences their trust
and perceptions. The closest work we found was done by
Wang, Zhang, and Lim (2021) in the context of a feature at-
tribution method (e.g., LIME (Ribeiro, Singh, and Guestrin
2016)), a machine learning technique to explain how influ-
ential each measured input feature value is for an output
prediction. The authors proposed a method that adjusts the
regularization penalty on the LIME explainer for suppress-
ing uncertain feature attributions and shifting attributions to
other features. The authors found that their suppressing tech-
nique can improve user trust in the prediction models. How-
ever, it is challenging to apply their suppressing approach
to LLMs, which often generate long sequences of text with
complex, context-dependent decision-making processes. In
this paper, we explored alternative strategies to hide low fac-
tuality content in an LLM output and compared them with
designs that discloses low factuality content.

2.3 Trust in AI Systems

Trust is defined as “an attitude that an agent will help achieve
an individual’s goals in a situation characterized by uncer-
tainty and vulnerability” (Lee and See 2004). Trust is a
crucial factor in determining users’ behavioral intentions to
adopt technology (Chao 2019). While trust is an attitude,
reliance is defined as a user’s “behavior that follows from
the advice of the system” (Scharowski et al. 2022). In au-
tomation literature, compliance is also used to convey a
similar concept, which refers to the “number of times par-
ticipants follow the systems’ recommendations, both cor-
rect and incorrect ones” (Vereschak, Bailly, and Caramiaux
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2021). Calibrating an appropriate level of trust that matches
the true capabilities of an Al system is critical to avoid
overreliance/overcompliance and underreliance/undercom-
pliance (Lee and See 2004).

The relationship between trust and transparency is known
to be complex. Kizilcec has found that when individuals re-
ceive a lower grade than expected, providing some trans-
parency with procedural information fosters trust (Kizilcec
2016). Vossing et al. (2022) have found that trust increases
when the Al system provides information on its reasoning,
while trust decreases when the Al system provides informa-
tion on uncertainty. In this work, we aim to build trust by
increasing the factual accuracy of the Al-generated outputs,
even at the cost of reduced transparency.

3 Strategy Designs

This paper investigates five strategies for communicating
low factually content within an Al-generated answer: frans-
parent, attention, opaque, ambiguity, and baseline. In ad-
dition to prior research and theories that motivated our de-
signs, we conducted a formative study to inform the designs
of the transparent, attention, and opaque strategies, and an
experiment to implement the ambiguity strategy.

3.1 Background and Theoretical Motivation

Highlights have been widely used and tested as factuality
cues (Do et al. 2024; Sun et al. 2022; Spatharioti et al. 2023;
Bo, Wan, and Anderson 2025). Prior works have also found
that communicating factuality cues is effective in calibrat-
ing trust as compared to not communicating them (Do et al.
2024; Sun et al. 2022; Spatharioti et al. 2023). Our research
builds on these transparency-based approaches by including
the transparent strategy.

We introduce the attention strategy that highlights high
factuality content. The strategy was motivated by the selec-
tive attention theory (Bater and Jordan 2019), which is de-
fined as the cognitive process of attending to fewer sensory
stimuli while ignoring or suppressing all other sensory in-
puts. While the attention strategy doesn’t remove or change
low factuality content directly, it may subtly influence users’
cognitive focus, leading people to steer attention away from
low factuality content and focus on high factuality content.

The opaque strategy simply removes low factuality con-
tent from the answer text. In the case of short answers like a
word or a sentence, the opaque strategy may simply remove
the whole answer and respond as uncertain or unknown. A
similar study was done by Wester et al. (2024) that investi-
gated four denial styles of LLLMs: 1) factual, which provides
a denial followed by a reason, 2) diverting, which the LLM
steers away from the request, 3) opinionated, which the re-
sponse emphasizes the inappropriateness of the request, and
4) baseline, which simply states that the LLM cannot pro-
vide assistance. The study found that the diverting denial
strategy (e.g., “While I can’t provide specifics on A, I can
discuss B”) resulted in lower frustration and higher satis-
faction in LLM interactions compared to the baseline denial
(e.g., “I am sorry, but I’'m unable to provide the informa-
tion”). However, in the case of long answers, removing the



entire answer is not informative to the user. Ideally, incor-
rect information should be removed from the answer while
preserving correct information. This is challenging because
removing parts that are estimated to be less factual may harm
the answer quality, such as disrupting the flow of the answer
and making it feel incomplete or uninformative, especially
when the removed parts are essential.

To address this potential issue of the opaque strategy,
we propose the ambiguity strategy that replaces low fac-
tuality content with vague statements. Through this strat-
egy, we expect that the converted answer is less likely to
be incorrect because vagueness reduces the precision level
of potentially incorrect details. At the same time, this strat-
egy could minimize the impact on the quality of the re-
sponse by maintaining the structure of the sentence. This
approach was inspired by strategic ambiguity (Eisenberg
1984) in organizational communication, defined as “inten-
tionally crafting or presenting statements in a way that al-
lows for multiple interpretations or leaves certain details
vague or unclear.” Researchers found that deliberate vague-
ness in human-human communications helps preserve the
speakers’ credibility (Williams 1975). In machine learning
research, Mohri and Hashimoto proposed conformal factu-
ality, a framework that can ensure high-probability correct-
ness guarantees for language models by progressively mak-
ing the model outputs less specific (Mohri and Hashimoto
2024). However, little is known about the effectiveness of
the ambiguity strategy in human-LLM interactions. In this
work, we explore the utility of this ambiguity as a novel way
to present low factuality information.

3.2 Formative Study for Designs

The goal for this formative study was to identify an appro-
priate design of the Al-generated answers for the proposed
strategies. We interviewed six participants to propose the
best design to disclose or hide information with examples for
inspiration. We found that most participants liked the idea
of highlighting rather than alternative options for annotating
low factuality content (e.g., italic, strike-through). The ini-
tial designs had yellow highlights for both transparent and
attention strategies and participants recommended the use of
different colors such as an orange color to indicate low fac-
tuality because “orange generally indicates that something
is wrong [P4]”. Hence, we chose orange and blue highlights
from an accessible color palette for the transparent and at-
tention strategies to indicate low and high factuality.

We encouraged participants to come up with their own
ideas for the design of the opaque strategy, along with three
example designs we made: removal design that simply re-
moves low factuality content without any indication, full
annotation design that indicates removal by ‘[text removed
due to uncertainty]’, and simple annotation design that indi-
cates removal by ‘[..]’. Most participants preferred the sim-
ple annotation design because participants generally wanted
a minimalist style to avoid distractions but also be aware that
something had been removed: “In cases where a paragraph
is long, the remaining parts after removal might not connect
well to each other. Therefore, it makes sense to inform read-
ers that something has been removed” [P3].
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3.3 Ambiguity Strategy Implementation

The ambiguity strategy replaces low factuality content with
vague statements that lack precision, making it harder to
judge its factual accuracy. Ideally, the Al-generated answers
using the ambiguity strategy should not contain incorrect
statements, and no highlighting should be needed to indi-
cate low factuality. To implement the ambiguity strategy, we
conducted the following steps, as illustrated in Figure 1:

» Step 1. Decomposition: An LLM breaks down the given
text into atomic facts. Each atomic fact is annotated with
factuality (low or high).

o Step 2. Ambiguity Generation: Each atomic low-
factuality fact is converted to an ambiguous fact.

» Step 3. Aggregation: All high-factuality facts and am-
biguous facts are aggregated into a single sentence.

For step 1, we used an existing dataset (Min et al. 2023),
which used ChatGPT to generate atomic facts for each sen-
tence in the Al-generated answer, and human annotations to
generate factuality labels for each atomic fact. Note that the
authors of the dataset also demonstrate an automatic anno-
tation approach using an LLM, but we used human annota-
tions instead for accuracy. For steps 2 and 3, we used the
outputs from an LLM (ibm/granite-13b-instruct-v2') using
zero-shot with context (e.g., ““..The user will provide a sen-
tence containing a fact. Rephrase the following fact to be
vague or ambiguous..”) and aggregation (e.g., ““..Combine
these facts into a single sentence..”) prompts to convert each
incorrect fact to an ambiguous statement and aggregate them
into a single sentence. To eliminate confounding effects of
errors, the final output was manually reviewed and refined
by the researchers.

The choice of the model and the prompt was based on a
separate experiment, where we converted the eight biogra-
phy examples we used in our user study using five prompt
types and seven LLMs. The LLM outputs were evaluated
by an LL.M-as-a-judge framework (using meta-llama/llama-
3-70b-instruct as an evaluator) (Pan et al. 2024; Ashktorab
et al. 2025) with the average score of relevance, coherence,
conciseness, completeness, and correctness criteria. The full
details of the experiment including exact prompts we used
are described in (Do and Geyer 2025) Appendix B.

4 Method
The research questions (RQs) addressed in our study are:

* RQI. Trust: How do varying strategies of communicating
low factuality content affect user trust in AI?

* RQ2. Perceived Answer Quality: How do varying strate-
gies of communicating low factuality content affect the
perceived answer quality?

To answer our research questions, we designed a human
subject research experiment in which participants reviewed
Al-generated responses. We used an online survey to collect
the data. We focused on question-answering scenarios where
factuality is important, making this an appropriate context

"https://huggingface.co/ibm-granite



1
1 1
He was born in Durban, South Africa : He was born in Durban. ]—v—’[He was born in a city in South Africa.
and grew up during the era of apartheid.
1 He grew up during the era of apartheid.
1

1
| | He was born in a city in South Africa
I | and grew up during the era of apartheid.

]
1
AI-Generated Text 1 Step 1. Decomposition
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I
1
I

L

1
1
Step 2. Ambiguity Generation : Step 3. Aggregation

Figure 1: Simplified steps for the ambiguity strategy implementation. Given the original sentence that contains low factuality
content, we conducted the following steps: 1) break down the text into atomic facts, labeling each with factuality estimates
(high or low); 2) convert each low factuality fact into an ambiguous fact; and 3) aggregate all facts into a single sentence again.

for our study. In particular, we used a human-labeled biog-
raphy dataset (Min et al. 2023) for designing question and
answer pairs. The dataset consists of 183 people entities who
have Wikipedia pages. Each data point consists of a question
prompt “Tell me a bio of [entity]” and an answer generated
by ChatGPT. The dataset also includes a list of atomic facts
that are included in each Al-generated answer. These atomic
facts were generated by an LLM and revised by human an-
notators. Each atomic fact was then labeled by human anno-
tators as either factually correct or not, which we used for the
factuality cues (i.e. high or low factuality). We randomly se-
lected 8 entities from this dataset with diverse nationalities.
The biography task has been used in similar prior research
studying factuality (Min et al. 2023; Manakul, Liusie, and
Gales 2023; Cheng et al. 2024) because the scope is broad,
covering diverse nationalities and professions of people. The
generated biographies consist of multiple factual statements,
rather than debatable or subjective statements, allowing par-
ticipants to verify factual correctness easily.

The Al-generated answers consisted of 153.5 words and
7.5 sentences on average. Within an answer, there were 34
atomic facts on average, and 14.75 atomic facts (43%) were
labeled as incorrect. Low factuality parts of the Al-generated
answers were visible in the conditions using the baseline,
transparent, and attention strategies. These parts were re-
moved or neutralized using opaque or ambiguity strategies,
leaving no low factuality parts in those conditions. Our sup-
plementary material (Do and Geyer 2025) contains the full
list of Al-generated answers displayed for each condition
used in the study.

Following the guidelines in (Vereschak, Bailly, and
Caramiaux 2021) and prior works (Kim et al. 2024), we used
the judge-advisor paradigm, which is a common decision-
making task to measure trust-related behavior. The paradigm
consists of presenting an Al recommendation and giv-
ing the participant the option to follow the recommenda-
tion (Vereschak, Bailly, and Caramiaux 2021). We used the
same setup where the Al model generates an answer to a
question and the participants can then decide to accept or
reject the Al-generated answer. The task showed an Al-
generated biography of an entity that contains factual state-
ments. Then, a subsequent question (i.e. “Using only the
information provided in this survey and/or the reference
link, please indicate whether you think the following state-
ment is correct or incorrect: [statement]”) asked participants
to decide whether to accept (i.e. judge as correct) or re-
ject (i.e. judge as incorrect) a statement relevant to the Al-
generated answer. We aimed to control participants’ fact-
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checking ability by restricting them to the provided informa-
tion. The [statement] was randomly chosen between correct
and incorrect labeled atomic facts from the dataset, associ-
ated with each Al-generated answer (Min et al. 2023).

4.1 Participants

We recruited participants from our company. We aimed to
recruit a diverse participant sample in terms of location, job
role, and technical expertise. The eligibility criteria required
proficiency in English, as all study materials were written in
English. We advertised and distributed the survey link using
an internal messaging platform within our company. Among
156 participants who completed our survey, we filtered out
8 participants who self-rated their English level as ‘very ba-
sic or none’ or didn’t pass an attention-check question (e.g.,
Please select the option labeled ‘Somewhat agree’). As a re-
sult, we used data from 148 participants who were assigned
to one of the five conditions, each of which employed one
of our five strategies: baseline (N=27), transparent (N=29),
attention (N=30), opaque (N=33), and ambiguity (N=29).

Participants’ work locations consisted of 22 unique coun-
tries, with the most common being the US (N=82), India
(N=18), Canada (N=10), UK (N=7), and Costa Rica (N=5).
Job roles spanned a wide array of disciplines, including
software development (N=50), engineering (N=26), sales
(N=21), design (N=15), customer service (N=13), and fi-
nance (N=11). Participants had a range of experience with
Al, with some having heard about it from the news, work,
friends, or family (N=9), others reporting that they closely
follow AI news (N=29), the largest subset reporting some
work or educational experience regarding Al (N=93), and
others with significant work experience with Al (N=17).

We ensured that participants’ prior knowledge about the
biography entity did not confound the study outcomes by
carefully choosing the biographies that are not categorized
as frequent entities from the dataset (Min et al. 2023). As a
result, the average rating for entity familiarity was only 1.05
(SD = 0.22) on a 5-point Likert scale. A one-way ANOVA
revealed that there was no statistically significant difference
in the averages across conditions (p = 0.49), indicating that
the potential confounding effect of prior knowledge was re-
moved. We followed our company’s personal privacy and
survey regulations by asking only the approved demographic
questions outlined above.

4.2 Procedure

After participants signed a consent form, they completed
four biography tasks which were randomly selected from



our selection of eight biography examples. For each task,
participants were told to put themselves in the place of a
journalist writing a biography of a person, using the infor-
mation generated by an Al system after a question prompt,
“Tell me a bio of [entity]”. Their task was to read the Al-
generated answer, which was presented according to the
strategy of the assigned experimental condition. The answer
also included a reference, which the participant could click
to view the Wikipedia page about the person and verify the
Al-generated answer if they wanted. They were told that we
assume the information in Wikipedia is factually accurate.

For trust to be an important part of a relationship, individ-
uals must willingly put themselves at risk or be susceptible
to the actions of others (Lee and See 2004). Therefore, we
introduced vulnerability in the task by explaining the poten-
tial negative virtual consequences on their professional rep-
utation when they perform the tasks poorly. Refer to (Do and
Geyer 2025) Appendix A to read the full text.

After reading each biography, they answered questions re-
garding their familiarity with the entity, correctness judg-
ment of a factual statement about the entity, and perceived
answer quality. After completing the four biography tasks,
they answered a post-task survey. The survey included the
questions about trust, transparency, and collaboration, fol-
lowed by background questions. After completing a 30-min
survey, they were compensated with a reward equivalent to
12.5 USD.

4.3 Key Measures

Trust (RQ1) We used a multi-item trust questionnaire (5-
point Likert scale) in the post-task survey to measure Trust
Belief and Trust Intention, adapted from (McKnight, Choud-
hury, and Kacmar 2002).

e Trust Belief: Average rating of six items (Cronbach’s
a=0.84) regarding their perceptions about the system’s
trustworthiness, such as the system’s perceived ability,
benevolence, and integrity.

 Trust Intention: Average rating of four items (Cronbach’s
«=0.80) regarding their desire to use the system.

Trust-related behaviors For each biography task, we
asked a judgment question: “Using only the information pro-
vided in this survey and/or the reference link, please indi-
cate whether you think the following statement is correct
or incorrect: [statement].” (0: Incorrect, 1: Correct). Using
participants’ responses to this question, we calculated com-
pliance as a trust-related behavioral measure (Vereschak,
Bailly, and Caramiaux 2021), which is defined as the prob-
ability that participants accept the Al-generated recommen-
dation. In our task, compliance deals with whether partici-
pants accept or reject information from the Al-generated bi-
ography. This allows us to calculate the following, adopted
from (Vereschak, Bailly, and Caramiaux 2021):

* Over-compliance: Incorrect statements are accepted (i.e.
judged as correct).

* Under-compliance: Correct statements are rejected (i.e.
judged as incorrect).
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» Appropriate Compliance: Correct statements are ac-
cepted and incorrect statements are rejected. The cali-
bration of trust can be measured by observing how an
individual’s behavior aligns with the ideal behavior (Wis-
chnewski, Krdmer, and Miiller 2023), which is the appro-
priate compliance in our case.

If a user decides to follow the Al-generated output with-
out cross-checking with the reference, this may suggest that
the user trusts AI’s suggestions (Kim et al. 2024). Therefore,
we calculated the following:

* Use Link: Participants’ clicks of the Wikipedia reference
link we provided (0O: not clicked, 1: clicked).

Trust-related perceptions We measured perceived trans-
parency, adopted from (Kim et al. 2024), which can posi-
tively influence user trust.

* Transparency: Two individual ratings on each question,
1) “I feel I had a good understanding of what the Al
model A’s answers were based on.”; 2) “I feel I had a
good understanding of when the Al model A’s answers
might be wrong.” (1: Strongly disagree — 5: Strongly
agree). We found that the ratings of the two questions
were not consistent (Cronbach’s a=0.42), therefore, we
used individual ratings for the analysis, rather than aver-
aging them.

Participants use Al-generated answers to make judg-
ments rather than deciding on their own, which can be
considered an act of human-Al collaboration (Do et al.
2024). We measured this collaboration experience as re-
search has shown trust is correlated with collaboration ex-
perience (Tschannen-Moran 2001; Vssing et al. 2022).

* Human-Al Collaboration: Rating on the question, “How
would you rate your overall experience of collaborating
with the Al model A in performing the tasks?” (1: Ex-
tremely negative — 5: Extremely positive)

Perceived answer quality (RQ2) For each biography
task, we asked participants to rate the overall quality of
the Al-generated answer on a scale from 1 (worst) to
5 (best) using the following criteria, adopted from prior
works (Hirschman and Gaizauskas 2001; Fabbri et al. 2021):

* Correctness: The answer is factually correct

* Relevance: The answer is a response to the question

* Conciseness: The answer does not contain extraneous in-
formation

* Completeness: The answer is complete, not partial

» Coherence: All the sentences in the answer collectively
fit together and sound natural

Covariates We measured Al familiarity, incorrect propor-
tion of the answer, and entity familiarity, to control for po-
tential confounding effects.

* Al Familiarity: Rating on the question, “How confident
are you in your ability to use artificial intelligence (Al)
systems effectively for your tasks, whether for work or
personal use? (1: Extremely unconfident — 5: Extremely
confident)



e Incorrect Proportion: The proportion of factual incor-
rectness within the AI answer using “the number of
atomic facts labeled as incorrect” divided by “the total
number of atomic facts within an Al-generated answer”.
Specifically, we calculated the proportion before any ma-
nipulation (e.g., opaque and ambiguity strategies). This is
because the incorrect proportion may still be noticeable,
either through the number of [..] indicators, vague state-
ments, or by the length or incompleteness of the response
itself, potentially influencing the dependent variables.

 Entity Familiarity: Rating on the question, “How familiar
were you with [entity] before reading this text?” (1: Not
familiar at all — 5: Extremely familiar)

4.4 Statistical Analysis

We conducted statistical analyses to test the main effect of
the experimental conditions (baseline, transparent, atten-
tion, opaque, ambiguity). We added Al Familiarity and In-
correct Proportion as covariates in all analyses. We reported
p-values less than 0.05 to determine statistical significance.

For dependent variables (DVs) that were measured once
in the post-task survey (Trust Belief, Trust Intention, Trans-
parency), we performed an analysis of variance (ANOVA)
to gain p-values (e.g., DV ~ Condition + Al Familiarity
+ Incorrect Proportion). If the effect was significant, we
conducted post hoc Tukey HSD tests for pairwise compar-
isons. For Human-AI Collaboration measure, the Fligner-
Killeen test showed a violation of homogeneity of vari-
ances (p < .05). Therefore, we conducted a non-parametric
Kruskal-Wallis test instead, followed by post hoc Wilcoxon
Rank Sum tests with Bonferroni corrections.

For dependent variables that were repeatedly measured
for every biography task (Compliance, Use Link, Perceived
Answer Quality), we built linear mixed models (LMMs). We
used the experimental condition as a fixed-effect factor, and
the task ID and the participant ID as random-effect factors
(e.g., DV ~ Condition + Al Familiarity + Incorrect Pro-
portion + (1|Task) + (1|Participant)). If significant, we con-
ducted post hoc tests for pairwise comparisons with Bonfer-
roni corrections. We obtained p-values using likelihood-ratio
chi-squared tests of the full model with the effect in question
against the model without the effect in question, which is a
common method for LMMs (Winter 2013).

5 Results

We report how the strategies affect end-user trust (RQ1). Ad-
ditionally, we describe how these strategies impact the per-
ceived quality of Al-generated answers (RQ2). Descriptive
statistics for all key dependent variables are summarized in
Table 1.

5.1 RQLI. Trust

Trust Belief and Trust Intention There was a signif-
icant effect of condition on the means of Trust Belief
(F(4,141) = 5.89,p < .01, 1712) = 0.14 with 95% CI =
[0.04,0.24]). Post hoc pairwise comparisons showed that
participants in the opaque condition had significantly higher
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Trust Belief ratings compared to those in the attention con-
dition (p < .05), the transparent condition (p < .05), and
the baseline condition (p < .05). Similarly, participants in
the ambiguity condition had significantly higher Trust Be-
lief ratings compared to those in the attention condition
(p < .0b), the transparent condition (p < .05), and the base-
line condition (p < .05).

We didn’t find a significant effect of condition on the
means of Trust Intention (F'(4,141) = 2.11, p .05,
n2 = 0.06 with 95% CT = [0,0.13]). A possible explana-
tion is that participants were exposed to the intervention for
only a short time, which may have changed their perceptions
of the Al model, but not have been sufficient to generate a
desire to use the system.

Compliance There was a significant effect of condition
on Appropriate Compliance (x?(4) = 18.08,p < .01,
n2 = 0.12 with 95% CI = [0.02,0.20]). Post hoc pair-
wise comparisons showed that participants in the opaque
condition had significantly higher Appropriate Compliance
compared to those in the transparent condition (p < .01).
We also found that participants in the ambiguity condition
had significantly higher Appropriate Compliance compared
to those in the fransparent condition (p < .01). These results
imply that the opaque and ambiguity strategies are more ca-
pable of calibrating trust than the transparent strategy.

We performed additional analysis by calculating over-
compliance with responses to the judgment question con-
taining incorrect statements, and under-compliance with re-
sponses to the judgment question containing correct state-
ments. In the case of over-compliance, results showed
that there was a significant effect of condition on over-
compliance (x*(4) = 13.29,p < .01, 72 = 0.09 with 95%
CI = [0.01,0.18]). Pairwise comparisons showed that par-
ticipants in the ambiguity condition had significantly lower
over-compliance compared to those in the transparent con-
dition (p < .01). We didn’t find a significant effect of
condition on under-compliance (x?(4) = 6.63,p = .16,
n2 = 0.06 with 95% CI = [0,0.13]). Figure 2 visualizes
the numbers of correct and incorrect statements as well as
the proportions of participants’ judgments across conditions.

Use Link We didn’t find a significant effect of condition
on the usage of reference links (x%(4) = 5.97, p = 0.20,
12 = 0.04 with 95% CT = [0,0.10]). This aligns with prior
findings (Kim et al. 2024) that there is a lack of evidence that
the Al factuality expressions affect people’s source usage.

Transparency For Q1 (“I feel I had a good understand-
ing of what the Al model A’s answers were based on.”),
we didn’t find a significant effect of condition on the rat-
ings (F'(4,141) = 2.15, p = 0.08, 7712, = 0.06 with 95%
C1I = [0,0.13]). For Q2 (“I feel I had a good understand-
ing of when the Al model A’s answers might be wrong.”),
we also didn’t find a significant effect of condition on the
ratings (F'(4,141) = 1.74, p = 0.14, 77% = 0.05 with 95%
CI = [0,0.11]). Although we anticipated that communicat-
ing factuality would enhance transparency (Liao and Wort-
man Vaughan 2024; Bhatt et al. 2021), our study showed
no significant effect on transparency ratings. If the goal is



RQs DVs Baseline | Transparent | Attention Opaque | Ambiguity Significant Differences (p < .05)
Trust Belief 3.22(1.02) | 3.23(0.95) | 3.31 (0.84) | 3.87 (0.45) | 3.87 (0.68) | Transparent, Attention, Baseline < Opaque, Ambiguity
Trust Intention 2.26 (1.02) | 2.46 (1.09) |2.48 (1.07) | 2.83 (0.66) | 2.90 (0.98) -
Appropriate Compliance (%) | 0.78 (0.25) | 0.66 (0.32) | 0.78 (0.26) | 0.86 (0.2) | 0.9 (0.16) Transparent < Opaque, Ambiguity
Trust Use Link (%) 0.58 (0.42) | 0.37 (0.44) | 0.60 (0.43) | 0.59 (0.45) | 0.56 (0.46) -
Transparency Q1 4.04 (0.98) | 3.59 (0.82) | 3.57 (0.97) | 3.85 (0.83) | 4.03 (0.73) -
Transparency Q2 3.26 (1.13) | 3.69(0.89) | 3.37 (1.19) | 3.12 (1.11) | 2.97 (1.24) -
Human-AI Collaboration 3.15(1.17) | 3.41(1.02) | 3.13(1.04) | 3.82 (0.64) | 3.79 (0.73) Attention <Opaque
Correctness 3.15(1.09) | 2.78 (0.76) | 3.17 (0.85) | 3.77 (0.57) | 3.78 (0.71) | Transparent, Attention, Baseline < Opaque, Ambiguity
Perceived Relevance 4.15(0.80) | 3.84 (0.80) | 4.15(0.71) | 4.07 (0.69) | 4.27 (0.68) -
Answer Conciseness 3.91 (0.82) | 3.54(0.75) | 3.87 (0.69) | 3.98 (0.65) | 3.88 (0.81) -
Quality Completeness 3.45(0.99) | 3.39(0.89) | 3.61 (0.86) | 3.07 (0.87) | 3.43 (0.91) -
Coherence 3.97 (0.83) | 3.77 (0.76) | 4.20 (0.64) | 3.70 (0.83) | 4.00 (0.86) -

Table 1: Descriptive statistics of key dependent variables (DVs) for all conditions. We reported the means and standard devia-
tions in parentheses. All DVs were measured with a 5-point Likert scale, except Appropriate Compliance and Use Link which

used the decimal equivalent of proportions (%).

to improve user understanding of the AI’s decision-making
processes and limitations through transparency, our findings
suggest that highlighting alone may not be sufficient.

Human-AI Collaboration There was a significant effect
of condition on the ratings of the human-Al collaboration
(x*(4) = 13.48,p < .01, n% = 0.07 with 95% CI =
[0.01,0.21]). Pairwise comparisons showed that participants
in the opaque condition rated the human-Al collaboration
experience significantly more positive compared to those in
the attention condition (p < .05). This may imply that the AI
answers shown in the opaque condition were perceived to be
more helpful in making correctness judgments about factual
statements than the answers in the atfention condition.

5.2 RQ2. Perceived Answer Quality

Correctness There was a significant effect of condition
on the ratings of the perceived correctness in Al-generated
answers (x*(4) = 33.69,p < .01, n2 = 0.20 with 95%
CI = [0.09,0.30]). Pairwise comparisons showed that par-
ticipants in the opaque condition rated Correctness signifi-
cantly higher than those in the baseline condition (p < .05),
the transparent condition (p < .01) and the attention condi-
tion (p < .05). Similarly, participants in the ambiguity con-
dition rated Correctness significantly higher than to those in
the baseline condition (p < .05), the transparent condition
(p < .01) and the attention condition (p < .05). The opaque
strategy hides incorrect statements and the ambiguity strat-
egy converts incorrect statements to neutral ones, whereas
the other three conditions disclose incorrect statements. Par-
ticipants were able to accurately assess the correctness of the
Al-generated answer, which aligned with our strategy goals.

Relevance, Conciseness, Completeness, and Coherence
We didn’t find significant effects of condition on the ratings
of other quality measures, including Relevance (x?(4) =
4.87, p = 0.30, nﬁ = 0.03 with 95% CI = [0,0.08)),
Conciseness (x?(4) = 6.33, p = 0.18, 77;2; = 0.04 with
95% CI = [0,0.10]), Completeness (x%(4) = 6.04, p =
0.20, 771% = 0.04 with 95% CI = [0,0.10]), and Coher-
ence (x*(4) = 7.63, p = 0.11, n} 0.05 with 95%
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CI =[0,0.11]). This implies that participants perceived the
answer quality as similar across strategies. Given that par-
ticipants were aware that some content had been removed
from the original answer in the opaque condition, we antic-
ipated that the opaque strategy would be perceived as less
complete or coherent. However, this was not the case. Our
data suggests that both the opaque and ambiguity strategies
can maintain the same level of perceived quality as baseline,
transparent and attention strategies.

6 Discussion

6.1 Design Implications

Previous research has often focused on conveying factual-
ity cues by intentionally making the Al appear less confi-
dent about its outcomes when it hallucinates. While this ap-
proach aims to provide a more accurate and transparent rep-
resentation of the AI’s capabilities, it can also erode users’
trust and potentially lead to abandonment of the system. In
contrast, our study introduced an alternative design strategy:
hiding information estimated to be less factual, rather
than highlighting it. Our study results show that both the
opaque and ambiguity strategies for managing low factual-
ity content can be promising approaches for Al practitioners
and application designers to improve end-user trust, such as
improving the perceptions about the Al model’s trustworthi-
ness and leading to appropriate compliance with the Al
Moreover, participants rated the perceived correctness of
the Al-generated answer significantly higher in the opaque
and ambiguity conditions, compared to the baseline, trans-
parent, and attention conditions. Hiding content estimated
to be less factual, either by removing it or making it vague,
increased the actual correctness of the answer and conse-
quently led to higher perceived accuracy. In reality, factual-
ity estimates may be inaccurate, and future research should
explore whether people can accurately evaluate the correct-
ness of the answer with incorrect estimation of factuality.
We found that the other perceived qualities of the Al an-
swer (relevance, completeness, coherence, conciseness) are
rated similarly across conditions, contrary to our expecta-
tions that the opaque and ambiguity strategies may harm the
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Figure 2: After reading an Al-generated biography, participants were presented with a statement, either (a) correct or (b)
incorrect, and asked whether they accept or reject it. The numbers and proportions of their judgments are shown above in 100%
stacked bar charts, which summarize Appropriate Compliance (correct statement/accepted and incorrect statement/rejected),
Under-compliance (correct statement/rejected), and Over-compliance (incorrect statement/accepted) cases.

quality of the overall answer. One possible explanation is
that people were not familiar with the biography entities,
so removing some information from the text did not affect
their perceptions significantly. If they had known that some
critical information was missing, they might have perceived
the answer quality as lower. While our findings imply that
designs that remove or obscure low factuality content are
preferable, we encourage future research to explore various
scenarios involving different levels of familiarity with the
topic, as well as various types of LLM responses.

Prior research on Al communicated factuality estimates as
a way to achieve transparency (Liao and Wortman Vaughan
2024; Bhatt et al. 2021). However, our findings suggest that
the effect may not apply to LLMs, as the effects of the trans-
parent design were comparable to those of the baseline. One
possible reason is that LLMs have complex new capabili-
ties, and simply annotating LLM outputs with factuality cues
may not be enough to improve users’ understanding of the
LLM’s decision-making processes and limitations.

Moreover, we did not find significant differences in
the number of times participants clicked on a reliable
source (e.g., Wikipedia) to verify Al-generated answers. Re-
searchers have attempted to inform users about the poten-
tial errors inherent in LLMs, hoping that this would en-
courage them to verify information produced by LLMs with
reliable sources (e.g., (Do et al. 2024; Vasconcelos et al.
2025; Bhatt et al. 2021; Cao, Liu, and Huang 2024; Kim
et al. 2024)). Similarly, some LLM interfaces incorporate
disclaimers about the possibility of hallucinations and en-
courage validation, such as ChatGPT stating "ChatGPT can
make mistakes. Check important info.” However, our results
suggest that simply informing users about factuality esti-
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mates may not be enough to improve their understanding
of Al model capabilities or guide users to take action. More
advanced designs for LLM transparency, such as interactive
visualizations that attribute low factuality content to ground-
ing sources (Do et al. 2025; Cheng et al. 2024), is necessary
to help users’ understanding and encourage critical thinking.

We also found that the attention strategy was not an ef-
fective design to hide low factuality information, leading
to a negative human-Al collaboration experience. One pos-
sible explanation for this result is that overly highlighting
high factuality parts of the answer can come across as an
attempt to manipulate users’ perceptions, which can lead
people to view the attention strategy more negatively. Ad-
ditionally, the high factuality highlights might have set high
user expectations, which can lead to negative perceptions
of the AI’s trustworthiness when the Al-generated outcome
doesn’t meet the inflated expectations (Burgoon et al. 2016).

6.2 Practical Implication of the Ambiguity
Strategy

The ambiguity strategy accommodates varying interpreta-
tions without committing to precise but incorrect assertions.
It diverges from many real-world guidelines and natural lan-
guage processing research that focus on generating clear,
non-ambiguous texts. For example, Wikipedia offers a man-
ual for editors to look out for and avoid vague or ambigu-
ous claims, which are tagged as ‘weasel words’2. Using a
Wikipedia corpus with weasel word annotations, Ganter and
Strube (2009) proposed an automatic detection of sentences
containing linguistic hedges. While clear and precise state-

*https://w.wiki/7XCA



ments should be prioritized over ambiguous ones to avoid
misinterpretation, our experiment suggests that the ambigu-
ity strategy is preferable to presenting low factuality infor-
mation when accurate details are not readily available.

Implementing the ambiguity strategy involves a series of
steps, each of which is the focus of active and ongoing re-
search: decomposition into atomic facts (Yan et al. 2024b;
Min et al. 2023; Wright et al. 2022; Chen et al. 2022),
annotation of factuality (Min et al. 2023; Kadavath et al.
2022; Manakul, Liusie, and Gales 2023), ambiguity genera-
tion (Mohri and Hashimoto 2024; Angelopoulos et al. 2025),
and aggregation (Geva et al. 2019; Barzilay and McKeown
2005; Narayan, Cohen, and Lapata 2018). In this study, we
implemented these steps using prior research (Min et al.
2023) and LLMs. We compared multiple LLMs and prompts
to implement our strategy effectively as explained in (Do
and Geyer 2025) Appendix B. While our approach shows
promise, there could be alternative ways to implement the
strategy better. We call for more research on how to best im-
plement these strategies.

Moreover, selecting the appropriate level of abstraction
presents a challenge in implementing the ambiguity genera-
tion step. The granularity of abstraction must be carefully
calibrated according to the degree of factual accuracy, as
well as the context in which the information will be used.
For instance, when some content is completely inaccurate
compared to somewhat inaccurate, a higher level of abstrac-
tion may be needed to effectively remove incorrect details.
The level of abstraction also depends on the stakeholders’ re-
quirements for decision-making, which highlights the need
for a more granular, domain-specific approach when ap-
plying the ambiguity method. For example, in medical re-
search, a high level of precision may be necessary to make
health-related decisions, therefore the abstraction should be
removed or minimal. We encourage future research to refine
and expand upon our ambiguity approach and deepen the
insights of our exploratory study.

6.3 Generalizability

Building trust in an Al system is generally desired for its
widespread adoption and effective usage (Chao 2019). With-
out trust, people are less likely to use the technology, which
limits the potential benefits of Al such as productivity gains.
In our study, we focused on a work scenario where partic-
ipants took on the role of journalists tasked with writing a
biography. The Al was designed to estimate factuality on its
outputs, assisting users in identifying accurate information
by either annotating or hiding less factual parts. Thus, build-
ing trust is desired in our scenario, as the Al system can
help participants complete their tasks efficiently and accu-
rately with less effort in validating the facts. However, build-
ing trust in Al systems is not always desirable and requires
caution. Our findings do not apply to situations involving
flawed or biased Al systems, or high-stakes decision-making
systems where human oversight and validation are essential.

While our study focused on a question-answering task,
the findings and implications may generalize to other
information-seeking tasks where accurate information is
valued, such as summarization, analysis, and learning tasks.
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Communication of factuality should be tailored to the spe-
cific needs and context of different users and applications.
For instance, in a programming scenario, a developer might
want to assess the code that is likely to be inaccurate to
identify and correct potential errors in their code. In low-
stakes contexts, such as movie recommendation systems,
recommendations with low confidence may not pose risks
to users and can even benefit them by providing access to
a broader range of options. A hybrid approach that incor-
porates interactive design elements, such as allowing par-
ticipants to access hidden information when hovering their
mouse over the Al-generated answer, presents a promising
pathway forward. This approach could serve as a compro-
mise for general-purpose LLMs that are not limited to spe-
cific tasks, contexts, or user needs.

6.4 Limitations and Future Work

While we assumed in our experiment that the factuality esti-
mation is accurate, factuality estimation remains an evolving
research area, and it is possible that our strategies may hide
parts that are actually correct in real-world situations. This
could result in the omission of potentially valuable informa-
tion. In future research, exploring a more granular scale of
factuality estimates could help adjust the amount of details
to be either removed or converted. Our work focused on a bi-
ography task, a widely used and verified task in previous re-
search examining factuality in LLMs. More research should
be done on how to estimate and express factuality in other
tasks and contexts. While we made efforts to recruit partic-
ipants with diverse backgrounds, including job roles, loca-
tions, and technical expertise, our recruitment was restricted
to people within our company. Future studies should expand
to include more participants with different backgrounds such
as people who have limited or no prior exposure to LLMs.

7 Conclusion

Managing hallucinations and establishing trust with gen-
erative Al systems are key challenges for the successful
adoption of Al applications. Our research in this paper con-
tributes to the large body of research on factuality in Al sys-
tems and introduces a novel, contrarian approach to com-
municating LLM outputs with low factuality scores. We ex-
plored five strategies for factuality expression, including the
three “hiding” strategies, and our experiment demonstrated
that both opaque and ambiguity strategies were more effec-
tive in calibrating trust than the baseline or strategies high-
lighting either high or low factuality content. We found that
removing low factuality content or making it ambiguous did
not negatively impact the overall perceived quality of Al-
generated responses and positively influenced participants’
perception of correctness, making this a promising strategy
in practice. Hence, we believe that our research has impor-
tant implications for the design of factuality communication
in Al systems. For example, future interaction designs can
develop novel interaction approaches for dynamic disclosure
of information that is likely to be less factual, without giving
up on potentially valuable or critical information.
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