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Figure 1: The design pipeline of an answer engine and the study framework used to audit these systems. The figure shows the
key components of an answer engine, including how it generates answers based on user queries, with a focus on outputs such

as sources, answer text, and citations.

Abstract
As Large Language Model (LLM) applications transition from re-
search to widespread sociotechnical products, they are fundamen-
tally changing how people access and process information. Answer
engines - LLM-powered search tools that generate source-cited sum-
maries rather than just returning relevant links - represent a par-
ticularly significant shift from traditional search engines. Through
a qualitative study of 21 expert users comparing answer engines to
traditional search, we identified 16 ethical and societal limitations
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in current answer engine implementations. We showcase how cur-
rent LLM-based search engine still lack the neccessary features to
be treated as a safe sociotechnical system for public consumption.
Based on these findings, we propose a framework of 16 correspond-
ing design recommendations to guide the development of more
trustworthy answer engine systems. We showcase of this appli-
cation is still nascent and how we need to be more sensitive to
their social ramifications, to create a better and safer experience
for individuals.

CCS Concepts
• Human-centered computing → HCI design and evaluation
methods; User studies; Empirical studies in HCI; Natural
language interfaces; • Computing methodologies→ Natural
language generation.
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1 Introduction
LLMs have recently become part of daily life for many, with services
such as ChatGPT and Claude offering AI-based conversational
assistance to hundreds of millions of customers [17, 46, 52]. In
doing so, such systems have graduated from research tools that
were evaluated from a technical standpoint to sociotechnical systems
[9] that have both technical and social impact, and that require
more nuanced evaluation, as they can influence various facets of
society, including communication, information dissemination, and
decision-making [46, 57].

A prominent example of an LLM-based sociotechnical system is
the Answer Engine, also known as a Generative Search Engine. An-
swer Engines are marketed as replacements for traditional search
engines – such as Google or Bing – and work in the following
retrieval-augmented way: a user with an information need for-
mulates a search query [42]. The system first retrieves relevant

source documents that likely contain answer elements to the
user’s query, leveraging a retrieval system (which can be a tradi-
tional search engine). The Answer Engine then composes a textual
prompt that contains the user’s query, and the retrieved sources,
and instructs an LLM to generate a long and self-contained
answer for the user, based on the content of the sources. Crucially,

citations are inserted into the answer, with each citation linking
to the sources that support each statement within the answer. This
citation-enriched answer is provided to the user in a user inter-
face: the citation forms the semantic glue between the generated
answer and the sources, with a click on a citation allowing the user
to navigate to the source or sources that support any statement.
In essence, the answer engine promises a streamlining of a user’s
information-seeking journey [57].

However, there are several well-known limitations to Answer En-
gines, primarily stemming from the use of LLMs as part of answer
generation. First, LLMs are known to hallucinate information and
cannot detect factual inconsistencies [30, 62], even when author-
itative sources are provided. Second, prior work [33, 38] has also
shown limitations of answer engines’ ability to assess the accuracy
of citations within an answer. Third, LLMs accumulate knowledge
within their internal weights during pre-training, and prior work
has shown limited success at enforcing that an LLM generates infor-
mation based solely on documents provided in a prompt rather than
based on pretraining information which can be noisy or outdated
[32]. Yet prior work has predominantly evaluated LLMs and their
output primarily from a technical perspective [16, 33]. Since An-
swer Engines are used by millions daily, it is important to evaluate

them from a social perspective, to understand how users perceive
Answer Engines, and how they navigate limitations.

To address this need, we conduct an audit-centric usability study
(Section 3) involving 24 participants1 with expertise in technical
domains (e.g., sociology, economics). Participants interact with An-
swer Engines and traditional Search Engines on two query types:
expertise and debate queries. Expertise queries are technical queries
that participants self-report being experts on. Participants’ famil-
iarity with the answer allows us to evaluate how Answer Engines
perform on deeply technical questions. Debate queries are queries
related to a debate topic, formulated either to be pro or against the
debate (e.g., “Why should we abolish Daylight Savings”). By ini-
tially asking participants if they support one side of the debate, we
evaluate how participants interact with the answers that support
or refute their opinions.

The usability study enables us to obtain two main kinds of
insights: (i) quantitative insights on how users interact with an-
swers, citations, and sources in both Answer Engines and traditional
Search Engines, (ii) qualitative feedback from participants which
we group using inductive reasoning [22, 23] followed by a quali-
tative coding method [2, 60] into 16 limitations of Answer Engines.
With the study completed, we then propose actionable 16 Design
Recommendations that can measure whether systems make progress
progress towards safer interaction of these systems.

2 Related Works
2.1 The Lack in Understanding AI of Today
As AI becomes more embedded in daily life, their role has evolved
from simple technical tools to complex sociotechnical systems.
These systems involve an intricate interplay between social actors
and technological components that together shape goal-oriented
behaviors [9, 46, 61, 62]. AI systems in domains like education [29],
healthcare [1], and policymaking [6, 53] are thus deeply entwined
with the social practices and institutional contexts in which they
operate [19]. However, despite the recognition of AI as inherently
sociotechnical, current research often adopts a technocentric per-
spective, focusing on algorithmic and computational aspects while
neglecting broader societal implications [13, 18, 46, 65]. This gap
[5] is evident in the conceptualization of terms like harm [4, 67],
sentiment [61], and hallucination [62]. As Venkit et al. [61] argues,
understanding AI through a sociotechnical lens is crucial to fully
grasp its impacts, biases, and potential harms. Similarly insights
from Human-Centered Explainable AI (HCXAI) Ehsan and Riedl
[14] advocates for positioning “the human” at the core of tech-
nology design, leveraging the social dynamics and context of AI
systems to bridge gaps for non-technical users to create safer and
trustworthy systems— emphasizing the need for a human-centric
approach to technology, focusing on how AI systems can better
align with human understanding and accessibility [14, 15]. Adopt-
ing this tenet of HCXAI and sociotechnical lens shows how the
development of these technologies must account for human factors,
moving beyond traditional human-computer interactions, which is
the primary motivation of our work.

1Pilot study with 3 participants and a final expert oriented usability study with 21
participants
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2.2 The Ethical and Societal Shortcomings of
Answer Engines

Answer engines are marketed as efficient tools for simplifying in-
formation retrieval by reducing the need for users to manually sift
through data repositories [54, 56]. However, recent developments,
such as Google AI Overview and Perplexity, have exposed new ethi-
cal challenges and negative user experiences. For example, Google’s
answer engine erroneously advised users to “put glue on their pizza,”
revealing how the system misinterpreted sarcastic content from
the internet, presenting it as fact with undue authority2. Such cases
of misinformation highlight the risks associated with automating
information retrieval, especially under the guise of ‘Google doing
the Googling’ for users [54, 56, 66].

The release of OpenAI’s ‘SearchGPT,’ marketed as a ‘Google
search killer’ [56], further exacerbates these concerns. As reliance
on these tools grows, so does the urgency to understand their im-
pact. Lindemann [36] introduces the concept of Sealed Knowledge,
which critiques how these systems limit access to diverse answers
by condensing search queries into singular, authoritative responses,
effectively decontextualizing information and narrowing user per-
spectives [27, 44]. This “sealing” of knowledge perpetuates selection
biases and restricts marginalized viewpoints [36]. Building on this,
Sharma et al. [58] argues that answer engines foster echo chambers,
where exposure to diverse opinions is minimized, reinforcing exist-
ing beliefs and reducing the visibility of minority perspectives. This
is particularly problematic given the established Western-centric
bias in text generation models [20, 45, 47, 64]. When integrated into
search engines, these models further propagate a predominantly
Western viewpoint or an ‘automated colonial impulse’ [10, 11, 34],
underscoring the need for comprehensive studies on their risks.

Another key concern surrounding answer engines is their inher-
ently ‘black-box’ nature [3, 50] due to the opacity of their decision-
making processes and the hidden biases within them [3, 28, 41].
Answer engines intensify this problem by merging two opaque
systems: a search engine [12, 24, 59] and a generative AI model
[3], resulting in compounded opacity and reduced user autonomy
[21, 51]. This dual-layered opacity leads to problematic outcomes,
such as those identified by Li and Sinnamon [35], who revealed
sentiment bias based on query content, along with commercial and
geographic biases in the sources answer engines use. The over-
reliance on uneven quality sources, heavily skewed toward news,
media, and business, further illustrates the need for transparency
[35]. Without such scrutiny, these systems risk perpetuating biases
and misinformation with significant societal implications.

3 Answer Engine Usability Study
3.1 Study Design
Our study protocol is designed as a 90-minute one-on-one session
via video conference, which was recorded and transcribed with par-
ticipants’ consent. The study protocol was reviewed and approved
by the institution’s Ethics Office.

3.1.1 Participant Recruitment. Motivated by Kang et al. [31], Venkit
et al. [63] on the use of expert insights in user study and to enable
2https://www.theverge.com/2024/5/23/24162896/google-ai-overview-hallucinations-
glue-in-pizza

expertise audit of the model results, we recruit participants with
technical expertise on specific topics, to allow the evaluation of
system responses on complex queries participants have expertise
in. Our recruitment criteria targeted experts from diverse academic
and professional backgrounds. This recruitment strategy was inten-
tional, allowing us to study how Answer Engines respond to highly
technical queries that our participants would have in-depth knowl-
edge about, allowing study insights to reveal how such systems
perform on in-depth query and evaluate them accurately. Partici-
pants were recruited through a combination of academic channels
(via email invitation and LinkedIn), and social media platforms
(via Twitter and Reddit). The study was conducted using the User
Interviews platform3, and Google Meet for video-conferencing.

We recruited 24 participants aged 22 to 38 years (M=29.3, SD=2.99),
with a gender distribution of 66.67% female (n=16), 33.34% male
(n=7), and 4.16% non-binary (n=1). Participants’ occupations dis-
tribution were 45.83% Ph.D. students that are at least three years
into their graduate program (n=11), 16.67% research professionals
including postdoctoral researchers (n=4), 33.34% industry experts
(n=8), and 4.17% other professionals (n=1). Regarding participant
expertise, 25.00% were experts in Human-Computer Interaction
(n=6), 25.00% in Artificial Intelligence and Computational Research
(n=6), 20.83% in Healthcare and Medicine (n=5), 16.67% in Applied
Sciences (e.g., Transportation, Meteorology) (n=4), and 12.50% in
Education and Social Sciences (n=3).

An initial pilot studywith 3 participants helped refine ourmethod-
ology and develop a codebook. The final study was conducted with
the remaining 21 participants. All participants were compensated
with a $60 gift card. The anonymized participant description and
the answer engines interacted with are described in Appendix A.3.

3.1.2 Study Part 1: Pre-Study Questionnaire (5 minutes). Partici-
pants completed a questionnaire (exact questions in Appendix A.2)
that asked for (1) high-level demographic information, (2) partici-
pants’ familiarity with answer engines, and (3) a list of 3-4 specific
technical questions in their area of expertise that they could query
in a search engine.

3.1.3 Study Part 2: Expertise Information Retrieval (40 minutes).
During this part, participants go over one technical question at a
time from the list they provided in the pre-study questionnaire and
alternate between querying it in an answer and a traditional search
engine. Participants are asked to “think aloud” as they review results
[40, 49], articulating their thoughts and reactions. This approach
captures detailed insights of successes and failures of each engine on
a concrete query. Participants are encouraged to interact in-depth
with the results, including by clicking on external hyperlinks. Once
they are done, they proceed with the next question on their list.
Participants typically spent 5-10 minutes per query, going through
an average of 6 queries in the 40-minute time frame.

3.1.4 Study Part 3: Debate Information Retrieval (40 minutes). Part 3
follows a similar structure to Part 2 but uses opinion-based queries,
a common use case for search engines [26, 58]. Participants start
with answering a series of questions measuring their agreement
with various socially and politically charged statements collected

3https://www.userinterviews.com/
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from the ProCon debate website4. Based on their responses, we
constructed questions that reflected both supportive and opposing
viewpoints. For example, if a participant agreed with the statement
“Zoos should exist”, a supportive query is: “Why should zoos ex-
ist?” and an opposing query is: “Why should zoos not exist?”. For
each issue where a participant expressed a non-neutral opinion, we
prepared either a supportive or opposing query, which the partici-
pant ran through both the answer engine and the traditional search
engine. We alternated between supportive and opposing queries,
allowing the study of how participants interact with responses that
align or diverge from their viewpoints.

The 21 participants were divided into three groups of 7. Each
group interacted with a single answer engine: YouChat, Bing Copi-
lot, or Perplexity AI. These platforms were chosen due to their
public accessibility as AI-as-a-Service (AIaaS) systems and their
marketing as answer engines[37]. Google Search was selected for
the traditional search engine.

3.2 Pre-Survey Questionnaire Analysis and
Results

Regarding frequency of use, 37.5% (9/24) of participants use Gener-
ative AI (GAI)-based applications daily, 29.1% (7/24) weekly, 25%
(6/24) monthly, and 8.3% (2/24) a few times per month. Regarding
the use of answer engines specifically, 70.83% (17/24) of participants
were familiar with these systems, 41.16% use them multiple times
per week, and 58.84% at least once a month. Participants utilize an-
swer engines to conduct research, brainstorm, plan, learn new skills,
and obtain faster results compared to traditional search engines.

3.3 Qualitative Analysis and Results: A
Sociotechnical Audit of Answer Engine
Shortfalls

We employed a constructivist grounded theory using a qualitative
coding approach [8] to analyze our user interview data. Follow-
ing Charmaz [7], the authors individually coded the transcripts
line-by-line, employing inductive reasoning to develop theories
[22, 23]. Using the qualitative coding platform Taguette5, we gen-
erated themes from the transcript snippets. These themes were
then synthesized and refined through collaborative discussions be-
tween the authors, and insights were categorized with respect to
the four components of an answer engine: (1) answer text, (2)
citation, (3) sources, and (4) user interface. The 16 primary find-
ings, with the number of participants who explicitly identified and
expressed concerns for each component, is explained as follows
(and are summarized in Table 1).

Theme 1: Answer Text Findings
A.I. Need forObjectiveDetail inGeneratedAnswers (21/21):

A pervasive issue across all three answer engines was the lack of
detail and contextual depth in generated responses. This shortfall
affected both expertise and debate queries. Participants repeatedly
found the summaries to be overly generic and insufficient, often
driving them to seek more comprehensive information through
traditional search engines like Google. Participant P1 noted, “It was

4https://www.procon.org/
5https://app.taguette.org/

just trying to answer without actually giving me a solid answer or
a more thought-out answer, which I am able to get with multiple
Google searches." P10 emphasized, “It’s too short and just summarizes
everything a lot. [The model] needs to give me more data for the claim,
but it’s very summarized.” These reflections highlight a common
issue: a desire for answer conciseness leads to frequently omitted
critical details that would substantiate claims. As a result, responses
are perceived as superficial, lacking the necessary specificity
and nuance.

A.II. Lack of Holistic Viewpoint (19/21): Our study revealed
a limitation in the behavior of answer engines when participants
engaged with opinionated queries. The answer engines frequently
alignedwith the bias implied in the question,neglecting to present
diverse perspectives available from the retrieved sources. The
responses often appeared to support only the side of the argument
the model inferred the participant was “looking for,” thereby re-
inforcing user biases. Figure 2 illustrates this by showing an
example of a one-sided answer (left, Perplexity.ai) and a compara-
bly more nuanced answer (right, You.com). Participant P19 noted,
“I want to find out more about the flip side of the argument... this is
all with a pinch of salt because we don’t know the other side and the
evidence and facts.” Similarly, P1 stated, “It felt like it was trying
to just conform to my question, even though the sources that it was
citing actually spoke about all the negatives and positives," indicating
a mismatch between the source content and the generated answer.

A.III. Confident LanguageWhile PresentingClaims (16/21):
Another issue identified is the generation of overly confident

responses. All three systems frequently used terms of affirmation
and certainty, even when addressing subjective opinions or claims.
This approach can lead participants to trust the generated content
without the necessary context, with the problem being highlighted
for both debate and expertise queries. Figure 2 illustrates the issue:
in [A] the answer engine confidently represents information with-
out stating the nuances. Participants highlighted this issue through
their interactions with the models. P3 observed that “the model uses
a very magnetic or authoritative voice while making claims,” which
“can definitely convince someone that this is ‘the answer’ instead of
actually giving them the opportunity to see the issue.” Similarly, P4
noted that the model employs the ‘God Voice’, likening it to articles
that “make you think that it’s the ultimate truth.”

A.IV. Overly SimplisticWriting Form and a Lack of Critical
Thinking (14/21):

The fourth finding highlighted by many participants is the sim-
plistic nature of the language used in responses. Participants noted
that this simplicity in language reflects a lack of critical analysis
and thinking. For example, P13 found the answers to be “kind of
childish,” noting they did not match the scientific level required.
P2 described the text as “fluffy” and “similar to what a fifth grader
might write without consulting sources”. Additionally, some par-
ticipants perceived the systems as ‘people pleasers’, presenting
information in a manner that was agreeable or comforting rather
than providing an accurate response. P1 noted, “It’s being a people
pleaser and only trying to validate me.”
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Answer Text Citation Sources User Interface

A.I Need for objective details in gener-
ated answers (21/21)

C.I Misattribution and misinterpreta-
tion of sources cited (21/21)

S.I Low Frequency of Sources Used for
Summarization (19/21)

U.I The lack of selection, and filtering
of sources (17/21)

A.II Lack of holistic viewpoints for
opinionated or charged questions
(19/21)

C.II Cherrypicking information based
on assumed context (19/21)

S.II More sources retrieved than used
for generating the actual answer (13/21)

U.II Lack of human input in generation
and source selection (17/21)

A.III Overtly confident language while
presenting claims (16/21)

C.III Missing citations for claims and
information generated (18/21)

S.III Lack of trust in sources used by
the answer engine (12/20)

U.III Answer engines take additional
work to verify and trust (14/21)

A.IV Simplistic language and a lack of
creativity and critical thinking (14/21)

C.IV Transparency of source selection
in model responses (15/21)

S.IV Redundancy in source citation and
duplicate content retrieved (12/21)

U.IV Citations formats are not a nor-
malized interaction (12/21)

Table 1: Summary of key findings, organized thematically by answer engine components, with the number of participants who
explicitly identified and expressed concerns for each component.

Figure 2: Comparison of outputs from [A] Perplexity, which reflects the bias inherent in the question by presenting only a
one-sided response, and [B] YouChat, which acknowledges multiple perspectives, avoiding presenting incomplete information.

Theme 2: Citation
C.I. Misattribution of Sources: Correct Summaries, Incor-

rect Citations (21/21):
A common issue identified in this themewas themisattribution

of sources. This occurs when the answer engine cites a source that
does not factually support the cited statement, misrepresenting the
source content. For instance, P12 noted, “It has cited irrelevant parts
of the paper for this question.” P15 commented, “But this statement
doesn’t seem to be in the source. I mean the statement is true; it’s
valid... but I don’t know where it’s even getting this information
from.” Participants felt that the systems were using citations to
legitimize their answer, creating an illusion of credibility. This
facade was only revealed to a few users who proceeded to scrutinize
the sources. P4 expressed concern, “I mean it’s just like you see a
citation, you assume it’s a valid source...I’ll just see that there is a
source. That’s it. I don’t verify it.”

C.II. Cherrypicking Information Based on Assumed Con-
text (19/21):

When participants posed expert or opinion-based questions, they
noticed that the system often selectively presented information
from retrieved sources, highlighting a particular perspective
instead of a comprehensive view of the article. For instance,
P7 noted, “I feel [the system] is manipulative. It takes only some
information and it feels I am manipulated to only see one side of

things." Similarly, P8 observed, “[The source] actually has both pros
and cons, and it’s chosen to pick just the sort of required arguments
from this link without the whole picture." Participants felt that the
model does not accurately represent the full scope of the source
material. The tendency to reinforce assumed user biases further
contributes to an echo chamber effect, limiting exposure to a
broader range of perspectives and potentially distorting the original
intent of the source material.

C.III. Missing Citation for Claims and Information Gener-
ated (18/21):

The absence of citations in many of the sentences generated by
all three answer engines emerged as a critical issue, especially when
key claims or facts are presented without necessary factual
support from the sources. P16 highlighted the inconvenience
caused, noting, “Not having the references for each sentence is an-
noying...you want to know what’s the resource retrieved is. Now we’ll
have to actually go to the website and compare notes, which is an
additional step which no one wants to do. I would have gone to the
website in the first place instead." These comments reveal a clear
demand for citations, particularly for sentences that are important
to answering the question. Figure 3 shows an example of an uncited
statement in Perplexity, compared to a similar Copilot cited answer.

C.IV. Lack of Transparency of Source Selection in Model
Responses (15/21):
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Figure 3: Comparison of outputs from [A] Perplexity, which lacks citations for the points generated, causing confusion on the
actual source of each sentence, and [B] Copilot, which effectively indicates the sources for each statement.

Participants raised significant concerns about the lack of trans-
parency in how the system selects and prioritizes citation,
indicating the need for a clearer explanation of its decision-making
process. This “black box" nature of the system makes it difficult
for users to trust the outputs, as they cannot discern why certain
sources are cited over others. Participants frequently noted that the
system did not adequately prioritize important or factual sources,
leading to a general de-emphasis of critical references. For instance,
P4 questioned, “Where is it getting this thing from?Why is it getting it
from these particular sources is what I’m curious about." Additionally,
P2 expressed frustration with the system’s opaque process , stating,
“It’s very easy to just cough out sources and be like, ‘this is where I
took all this information from.’ But which part of the information did
you take from? That kind of explanation doesn’t exist."

Theme 3: Sources
S.I. Low Number of Sources (19/21):
For both expert and opinionated questions, participants encoun-

tered experiences where they needed more sources to address
the question at hand. Participants highlighted this issue with spe-
cific feedback. For instance, P16 remarked, “It feels like it’s pulling
all of this from one source,” while P1 noted, “Again, everything is
extracted from the same source, which is very weird.” This indicated
a pattern where the answer engine heavily relied on a limited
number of sources, averaging to three sources used, often leading
to incomplete answers. Interestingly, this issue also caused a phe-
nomenon where the model overtly emphasized certain sources
for generation. Participants flagged this as a consequence of the
models using very few sources for their answer. P5 mentioned, “If
it’s like citing the right review paper, it can get away with citing
only one [source], but it isn’t doing that and citing one weak article
throughout.”

S.II. More Sources Listed Than Used (13/21):
Participants using Bing Copilot and Perplexity noted that these

systems often listed multiple retrieved sources without actu-
ally citing them in the generated answer, a behavior described

as “buffing”—creating an impression of thoroughness without sub-
stance. This practice led to confusion and eroded trust, as users
saw citations that were not integrated into the generated response.
For example, P12 remarked, “It’s giving the impression of multiple
sources, but it’s just citing something that has a blurb citing to the
other source. So it’s really just coming off of this one source.” This
selective use of sources caused frustration, as participants believed
the models ignored more reliable or relevant articles, diminishing
the perceived quality of the generated content. Notably, however,
YouChat did not display this specific weakness and consistently
cited all listed sources in its responses.

S.III. Lack of Trust in Source Types (12/20):
The answer engines retrieve content from varying sources, in-

cluding forums, blogs, opinion pieces, and research articles. How-
ever, participants expressed general distrust toward certain sources
due to perceived biases, or lack of authority. This distrust was ev-
ident in feedback like P1’s remark, “Who knows who has written
that post [...] it’s a LinkedIn post when the question is a scientific
one," and P2’s observation, “The sources are not convincing. They
seem to be these non-factual sources from where this answer is kind
of drawn." Additionally, participants noted issues with outdated
or misinformed content being used to generate answers. For
example, P10 mentioned, "I think the citation is outdated... because
it says ’Windows 10’, and we’ve already switched to better OS, which
is what the answer needed".

S.IV. Different Sources but Duplicate Content (12/21):
Participants identified instances where the answer engine re-

trieved and cited multiple sources that, upon closer inspection,
contained identical or highly similar content. While these sources
were presented as distinct entities with different citation numbers,
they ultimately contributed redundant information. For ex-
ample, P3 observed, “Source 1 and 2 are just the same content in
different formats. This is funny as it’s using them differently,” and
P9 stated, “I think this is a big problem! I should have checked the
citations on the other answer as well because it’s basically just giving
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me one website but citing it differently multiple times.” As a result,
the system provides a misleading appearance of a well-rounded
answer while simply recycling the same content. Figure 4 provides
an example of duplicate sourcing.

Theme 4: User Interface
U.I. Autonomyover SourceValidation and Selection (17/21):
Participant feedback underscored that answer engines often offer

narrow perspectives, due to users having little to no control over
the information presented to them, leading to concerns about a lack
of autonomy and the inability to evaluate the credibility of sources
independently. P11 elaborates, “[The answer engine] is taking from
these sources, but are they even legit? I cannot choose or remove the
ones it chose. At least with Google, I have a lot more choices to click.”
The inability to select, filter, or assess sources independently not
only limits the breadth of information but also undermines user
confidence in the accuracy and reliability of the answers provided.

U.II. Lack of Human Input in Generation and Source Se-
lection (17/21):

Our study identified a key issue with answer engines: the ten-
dency to lose context when generating responses due to the
answer engine assuming the most probable context rather than
accurately interpreting or clarifying the specific context. Partici-
pant P7 highlighted this issue: “I think the sources were right, but
the context is lost. It did not manage to go to the expected answers at
all.” Participants suggested that the single-interaction design con-
tributes to this issue. In cases where context is critical, participants
recommended that the system should adopt a more interactive,
conversational approach by asking questions before answer-
ing. By asking clarification questions, answer engines could better
address ambiguity and provide more accurate responses. P1 also
remarked, "Having [the system] ask further questions to alleviate any
potential ambiguity on the generation would have helped, instead of
assuming the context."

U.III. AdditionalWork to Verify and Trust Answers (14/21):
As described in previous findings, participants often felt com-

pelled to independently verify the provided sources due to distrust.
Therefore, contrary to their intended purpose, some participants
found that the answer engines often resulted in more work
for users, undermining their marketed goal of simplifying
information retrieval. P17 echoed this, stating, “We have to go to
the website and compare notes and all of that [for verification], which
is an additional step which no one wants to do. I would have just gone
to the website in the first place.” The necessity to cross-check each
source individually added complexity, extending the time required
to complete tasks that might have been faster with a traditional
search engine. P5 emphasized the inefficiency: “The [answer engine]
does not speed up the process. I don’t feel like I would trust it enough
to just go off that.”

U.IV. Citation Formats are Not a Normalized Interaction
(12/21): The format of citations affects user experience. The most
common method involves numerical citations (e.g., [1], [1][2]),
where numbers correspond to references listed below the content.
While familiar to those accustomed to academic writing, this for-
mat can be less intuitive or effective for individuals who do
not regularly engage with such reference systems. Participant
P10 highlighted this issue: “I actually really don’t understand the

citations because in my job and daily life, it isn’t used.” This con-
cern suggests that numerical citations, while clear to some, may
not be meaningful to a general audience unfamiliar with academic
or research practices. However, participants who interacted with
Bing Copilot, which uses a hover-over feature to display source
information, reported a better understanding of where the infor-
mation came from. This feature encouraged direct interaction
with the sources in a more accessible manner. Participant P2
commented, “[The on-hover] is useful to have. Sources here, I think it
will help more people to feasibly check for sources every time they’re
taking something from a system like this as they are forced to interact
with it.” We have identified the most agreed upon findings from our
participant interactions in this section. Additionally, minor findings
are included in Appendix A.4.

3.4 Quantitative Analysis and Results: Source
and Citation Interaction Evaluation

To complement qualitative insights, we investigate the number
of sources displayed and cited by the three answer engines and
participants’ interaction with these sources. Our study revealed that
the chosen answer engines cite a limited subset of sources displayed.
Table 2 illustrates the disparity between sources retrieved (mean:
4.31) and sources cited (mean: 3.0) in the final answers, varying
across answer engines. Out of the three answer engines, Perplexity
displays the most sources (mean: 5.00), but cites the least (mean:
2.58), while YouChat cites all the sources that are displayed (mean:
3.57). With an average of only three sources available, users have
limited autonomy in selecting and verifying information.

Further investigation into user interaction with sources reveals
a stark contrast in how individuals hover and click sources when
using answer engines versus traditional search engines. As shown
in Table 3 and Figure 5, participants display a much narrower scope
of inquiry when leveraging answer engines, hovering an average
of only 2 sources (median: 2; SD: 1.39). This limited engagement
likely results from the fewer sources provided by answer engines,
which restricts the breadth of information users can explore. In
contrast, participants using traditional search engines adopt a more
comprehensive approach, hovering an average of 12 sources (me-
dian: 11; SD: 3.56). Additionally, there is a notable difference in the
number of sources clicked to thoroughly analyze to find answers.
With answer engines, users tend to click on a single source and
trust the model’s selection. However, when using traditional search
engines, participants engage with a wider range of sources, clicking
and analyzing an average of 4 sources.

We conducted independent two-sample t-tests to statistically
assess our findings, comparing user interactions during traditional
search engine use with those observed when using each answer
engine. The significance level was set to 𝛼 = 0.01. As shown in
Table 4, the results reveal statistically significant differences in user
interactions, allowing us to reject the null hypothesis that answer
engines foster similar interactions as traditional engines.

Finally, our analysis in Table 5 examined how individuals inter-
act with answer engines when asking questions that align with or
challenge their acknowledged stance. When faced with contradic-
tory questions, participants engaged in more analysis, hovering
(mean = 1.72) and clicking (mean = 2.95) a higher number of sources.
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Figure 4: Results generated by Perplexity [A] and the corresponding sources retrieved [B]. The image illustrates how the model
retrieved 8 sources, many of which are duplicates of the same source. Despite this, the model cites them differently, creating an
illusion of varied content when it is actually the same.

Sources Displayed by Answer Engine Sources Cited by Answer Engine
All Perplexity Bing Copilot YouChat All Perplexity Bing Copilot YouChat

Mean 4.31 5.00 4.46 3.57 3.00 (69%) 2.58 (51%) 2.80 (62%) 3.57 (100%)
Median 5.00 5.00 4.00 4.00 3.00 3.00 3.00 4.00

SD 1.32 0.00 1.56 1.25 1.15 0.65 1.18 1.25
Max 8.00 5.00 8.00 6.00 6.00 4.00 6.00 6.00
Min 1.00 5.00 1.00 1.00 1.00 1.00 1.00 1.00

Table 2: Sources Retrieved vs Cited by the three answer engines evaluated in the study. The percentage of sources cited is
mentioned in ‘( )’ to identify the subset of sources actually cited or used for the generated answer, for each answer engine.

Citations Hovered by Users Citations Clicked by User
Perplexity Bing Copilot YouChat Google Perplexity Bing Copilot YouChat Google

Mean 2.12 2.10 2.00 11.81 1.29 0.76 1.07 3.80
Median 2.00 2.00 2.00 11.00 1.00 1.00 0.50 4.00

SD 1.39 1.21 1.72 3.56 0.90 0.89 1.41 0.96
Max 5.00 4.00 6.00 24.00 3.00 4.00 5.00 6.00
Min 0.00 0.00 0.00 6.00 0.00 0.00 0.00 1.00

Table 3: Citations Hovered versus Clicked by a participant in a traditional search engine and the chosen answer engines. The
tradiditional search engine results are highlighted to differentiate the system and its result.

Citation Hovered by Users Citations Clicked by User
T vs All T vs Perp T vs Copilot T vs You T vs All T vs Perp T vs Copilot T vs You

t-statistic 22.94 13.00 14.59 14.00 17.13 11.40 15.06 11.43
pvalue 8.14e-53 1.56e-23 1.73e-27 5.06e-26 3.21e-28 5.08e-20 1.66e-28 2.50e-20

Table 4: Independant two sample t-test between the citations hovered and clicked between traditional search engine (T) and
each of the answer engines (All Answer Engine (All), Perplexity (Perp), Bing Copilot (Copilot) and You Chat (You))

In contrast, when asking aligned questions, participants relied on
fewer sources (hovering: mean = 1.08; clicking: mean = 0.48) and
often trusted information with lesser verification. The two sample
t-tests confirmed a significant difference in verification behaviors
between the two conditions (hovering; p-value = 4.93e-06, clicking;
p-value = 4.88e-05).

4 The Greater Impact of LLM-based Search on
Society: A Discussion

We now reflect on the societal impacts of answer engines, based on
the findings and data collected from user interaction and feedback.
The main themes of discussion are as follows:
Lack of autonomy and choice afforded to users by these sys-
tems: Shah and Bender [57] argues that information retrieval is
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Citation Hovered Citations Clicked
Aligned Q Disaligned Q Aligned Q Disaligned Q

Mean 1.08 2.95 0.48 1.72
Median 1.00 3.00 0.00 2.00

SD 1.25 1.21 0.77 1.12
Max 4.00 6.00 3.00 5.00
Min 0.00 0.00 0.00 0.00

Table 5: Citations hovered versus clicked by a participant in settings where they asked question aligned/disaligned from their
acknowledged biases, across all three systems combined.

Figure 5: Violin plot showcasing the distribution of number of sources hovered and clicked on by participants for Traditional
Search versus Answer Engines.

fundamentally a human-centered activity, underscoring the im-
portance of human agency in seeking information, noting that
“information access is not merely an application to be solved by the
so-called ‘AI’ techniques du jour." Our participants echoed this, ex-
pressing concerns over the erosion of autonomywhen using answer
engines. They felt compelled to rely on a single, system-generated
answer, limiting their ability to explore multiple sources. While
answer engines may simplify information retrieval, they do so at
the cost of user autonomy and choice, which raises broader societal
concerns. Preserving human agency must be central despite the
convenience of AI-driven solutions.
Biased Viewpoints and the Automation of Echo Chambers:
Our study revealed a significant bias in responses to opinion-based
or debate-oriented queries. These systems often reduce topics with
multiple viewpoints to one-sided summaries, reflecting biases from
the participant or the system itself. This reductionist approach
automates and intensifies the echo chamber effect, prioritizing biased
viewpoints over factuality and nuance. P2 noted, “Even if I don’t have
those opinions, it’s going to think I have those opinions," highlighting
the risk of reinforcing biases that do not align with the user’s beliefs.
This highlights a fundamental challenge in the design of answer
engines: the heavy reliance on user input, which can inadvertently
lead to biased outputs.
Self-regulating Populism in Information Retrieval: A signif-
icant broader implication identified is the populistic approach in
generative search engines, which reflects ‘sealed knowledge’ [36].
This approach relies mainly on popular or highly ranked search re-
sults, often marginalizing less visible but valuable information [36].
Populism here refers to prioritizing widely accepted perspectives
while sidelining alternative views [25, 64]. Our findings show that
participants using traditional search engines often explore beyond
the top five results (Table 3), a behavior not mirrored in answer
engines, which prioritize content from the top two or three results

(Table 3). This reliance on ranking algorithms, known to be biased
[24, 39, 43], skews information by amplifying popular viewpoints
and sidelining minority perspectives.
The Lack of Critical Thinking to Trust and Verify: The rise of
answer engines, which provide instant, summarized responses, is
reshaping how society interacts with information, raising concerns
about the erosion of critical thinking skills. Traditionally, searching
for information involves cognitive steps like identifying sources,
parsing content, and rejecting unreliable information [57]. This
process fosters control over information flow, discernment of qual-
ity, and critical engagement. Shifting from active search to passive
reception of answers can undermine these cognitive processes. P2
expressed, “If I start using this regularly, at some point, my heuristic
is going to change where I won’t check the sources at all. Then my
writing and decisions, in fact, will not be mine anymore." As these
systems become more integrated into daily life, it is important to
ensure they do not erode critical thinking and independent inquiry
skills. This unnecessary need to automate such experiences is aptly
captured by Salvaggio [55] stating, “the productivity myth suggests
that anything we spend time on is subject to automation...implying
that the goal of writing is merely to fill a page, rather than to engage
in the deeper process of thought that a completed page represents"
[55].
Lack of Interaction and Revenue to Actual News and Media
Sources: A noteworthy concern identified in our findings is the
potential economic impact on these sources, which rely heavily
on web traffic as a key revenue stream. The development and in-
creasing use of answer engines raise concerns that users might
completely stop visiting the original websites, diminishing the rev-
enue streams that support journalism and content creation, as seen
with the very few sources that participants interact with [66]. Par-
ticipant P9 voices out the issue: “There is the problem of the websites,
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Design Recommendation Associated SystemWeakness

Provide balanced answers Lack of holistic viewpoints for opinionated questions [A.II]
Provide objective detail to claims Overly confident language when presenting claims [A.III]
Minimize fluff information Simplistic language and a lack of creativity [A.IV]
Reflect on answer thoroughness Need for objective detail in answers [A.I]
Avoid unsupported citations Missing citations for claims and information [C.III]
Double-check for misattributions Misattribution and misinterpretation of sources cited [C.I]
Cite all relevant sources for a claim Transparency of source selected in model response [C.IV]
Listed & Cited sources match More sources retrieved than used [S.II]
Give importance to expert sources Lack of trust in sources used [S.III]
Present only necessary sources Redundancy in source citation [S.IV]
Differentiate source & LLM content More sources retrieved than used for generation [S.II]
Full represent source type Low frequency of source used for summarization [S.I]
Incorporate human feedback Lack of search, select and filter [U.I]
Implement interactive citation Citation formats are not normalized interactions [U.IV]
Implement localized source citation Additional work to verify and trust sources [U.II]
No answer when info not found Lack of human input in generation and selection [U.I]

Table 6: Sixteen design recommendations for answer engines. The recommendations derive from the findings of our usability
study, summarized in the middle column with corresponding findings [ID]. Appendix A.5 defines each recommendation.

which are probably human-created, not getting the advertising rev-
enue... increasingly, there is no way that people will now visit these
sites anymore." Recent developments further show that answer
engines often avoid subscription-based content like that from The
New York Times, limiting user access to high-quality, paywalled
information. This exclusion places premium content providers at
a disadvantage. In some cases, our study found that certain sys-
tems, like Perplexity, still retrieved content from subscription-based
sites, effectively bypassing the paywall and providing users with
information from these sources without requiring them to visit the
site or engage with the paywall. This was actively seen in recent
news [48] where Perplexity generated information from Forbes, a
website that requires a subscription to access. As answer engines
continue to evolve, there is a risk that the financial viability of high-
quality journalism could be compromised, particularly for outlets
that depend on subscriptions and advertising revenue.
Absence of Policy Governing How Generative Models Af-
fect Society: Our findings finally culminate in a critical issue: the
absence of robust policy governance for generative models like
answer engines. The lack of clear regulations, especially for sys-
tems functioning as sociotechnical entities, poses significant risks
to individuals and society. Participants frequently highlighted the
need for better governance. The lack of policy also raises concerns
about privacy and data security, with participants recognizing the
risks but noting a gap in understanding how to mitigate them. Our
study also revealed concerns about the environmental impact of
generative models, especially regarding energy consumption and

carbon footprint. P21 noted: “The whole energy consumption and
stuff behind it. It’s a point of real concern...it is really scary." This
highlights a broader issue often overlooked: the sustainability of
these technologies.

4.1 Answer Engine Design Recommendations
Based on the discussion and the study findings, we design ctionable
set of design recommendations for answer engine development to
address these issues. Table 6 provides the mapping between the
study findings and the design recommendations. Appendix A.5
provides the detailed definition of each recommendation.

5 Conclusion
We presents a systematic audit of answer engines that bridges
technical evaluation with critical societal considerations. Through
our audit-based usability study, we uncovered fundamental lim-
itations in how answer engines process and respond to queries,
particularly concerning algorithmic bias, lack of transparency, and
potential societal harms. Based on these findings, we developed
16 concrete design recommendations to guide the development
of more equitable systems. Our analysis demonstrates that while
answer engines show promise, their current implementation as
social systems requires careful scrutiny. We emphasize the shared
responsibility among users, researchers, and policymakers to criti-
cally examine these technologies and advocate for the integration
of our recommendations in future developments.
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6 Positionality Statement
As researchers with backgrounds in NLP, human-computer inter-
action, and socioinformatics, we approach this study with a deep
commitment to ethical considerations in AI. Our work is grounded
in the belief that AI systems must be designed to promote trans-
parency, fairness, and societal well-being, taking into consideration
the users using the system. We acknowledge that our perspectives
are shaped by our prior experiences working in both academia and
industry, particularly in designing trustworthy AI systems at our
respective institutions.

7 Ethics Consideration and Adverse Impact
Statement

A significant limitation of our work is its Western-centric focus.
The answer engines we evaluated were primarily developed and
deployed in U.S.-centric contexts, which influenced both the scope
of our audit and the recruitment process. While we included diverse
participants within this framework, the study inherently reflects
Western perspectives due to the demographics of those who re-
sponded to our invitations.

Additionally, answer engines often rely on location-specific data,
and the models we evaluated were no exception. Our findings may
not fully apply to users in other regions, particularly the Global
South, where cultural, social, and technological contexts differ. Fu-
ture research should explore how these systems perform in non-
Western settings.

We recognize that while our recommendations, derived from our
human-centric usability study, serves as a valuable ethics sheet, it
is not the definitive gold standard. There is ample room for growth
and refinement, and we are committed to continually updating
and improving the study, such as developing a usable evaluation
benchmark to automate the recommendations to a usable artifact.

Finally, as the AI landscape rapidly evolves, model behaviors are
frequently updated. Our findings reflect the state of answer engines
as of October 2024, but these systems’ behaviors may change. There-
fore, our results should be viewed in the context of this dynamic
and shifting field.
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A Appendix
A.1 Study Design Illustration
A.2 Pre-Study Questionnaire
This pre-study questionnaire was designed to assess participants’
eligibility and gather additional information about their usage of
answer engines and generative AI in their daily lives. The questions
from the survey below:

(1) Please Enter Your Name
Short answer response

(2) Please Enter Your Age
Short answer response

(3) Please Select Your Gender
• Male
• Female
• Non-Binary
• Genderfluid
• Agender
• Bigender
• Other

(4) What is your current profession or job title?
Short answer response

(5) What is your current or most recent educational quali-
fication?
• High School Degree or Equivalent
• Some College, No Degree
• Associate Degree
• Bachelor’s Degree
• Master’s Degree
• Doctorate Degree
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Figure 6: High-level diagram of the three parts to the 90-minute usability study we conducted, and the work that derives from
study findings: design recommendations, and the Answer Engine Evaluation (AEE) framework.

• Other
(6) What do you consider are your current field of exper-

tise? Mention at least 3 topics. (Eg: Multilingual Text
Summarization, STEM Education Enhancement, Geol-
ogy, VR Gaming, etc.)
Long answer response

(7) You are familiar with the concept of RAG (Retrieval
Augmented Generation) models or Advanced Search
Engine or Generative Search Engine (like perplexity.ai
or Bing chat).
• Strongly Disagree
• Disagree
• Neutral
• Agree
• Strongly Agree

(8) How often do you interact with Generative AI models?
(ChatGPT, Stable Diffusion, DALL-E)
• Every Day
• Several Times a Week
• Several Times a Month
• Rarely
• Never

(9) How often do you interact with Generative Search En-
gine like perplexity.ai, BingCopilot, GoogleAIOverview?
• Every Day
• Several Times a Week
• Several Times a Month
• Rarely
• Never

(10) How do you use or foresee using Generative Search
Engine?
Long answer response

(11) Please provide any one of your public social media ID
for verification purposes (Eg: LinkedIn, Google Scholar,
Company or Institutional profile, etc.)
Short answer response

(12) To participate in this study, you will need a stable and
good internet connection, a device that can share your
screen, and a quiet environment for the entire session.
Can you meet these requirements?
• Yes
• No

A.3 Participant Data Information
We present an anonymized list of participants, in Table 7, highlight-
ing the diversity of expertise and the answer engines utilized by
each participant throughout the study.

A.4 Additional Community-Centric Themes of
Answer Engine Shortfalls

L.V. Amplification of Western Context in Generation (12/21):
In some of the user studies, participants keenly observed that the

contextual assumptions generated by all the three selected answer
engine predominantly reflect aWestern perspective, evenwhen
such assumptions are not explicitly stated. For instance, ques-
tions like “Should a government provide universal health care?” or
“Should we be vegetarians?” were interpreted as references to the
US government and Western cultural norms, regardless of the
user’s actual context. Participants found this problematic, noting
that not all contexts should be assumed to align with a Western
viewpoint.

Participants expressed concerns, with P9 stating, “Yeah, it is
interesting that it immediately in the second sentence goes to the US
governmental context which I didn’t specify.” Similarly, P19 noted,
“Even for the previous answer, we didn’t mention the country in context
and it just took the US context automatically.” P8 also voiced out
with an example stating, “For questions on agriculture, it does not
give any geographic specifications of other countries like India, for
example, where the answer is very cultural and different.”

While acknowledging that the models are primarily developed
and used in the United States, participants emphasized the need for
these models to recognize and explicitly address this bias, rather
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Participant ID Field of Work Occupation Model Used
P1 Human-Computer Interaction Doctorate Student Perplexity AI
P2 Human-Computer Interaction Doctorate Student Perplexity AI
P3 Healthcare and Medicine Doctorate Student Perplexity AI
P4 Human-Computer Interaction Doctorate Student Perplexity AI
P5 Meteorology and Climate Science Postdoctoral Researcher Perplexity AI
P6 Human-Computer Interaction Postdoctoral Researcher Bing Copilot
P7 Education and Social Sciences Doctorate Student Bing Copilot
P8 Transportation Engineering Doctorate Student Bing Copilot
P9 Education and Social Sciences Doctorate Student You Chat
P10 Information Science Program Manager You Chat
P11 Healthcare and Medicine Doctorate Student You Chat
P12 Human-Computer Interaction Postdoctoral Researcher You Chat
P13 Artificial Intelligence Research Scientist Bing Copilot
P14 Education and Social Sciences Doctorate Student Perplexity AI
P15 Healthcare and Medicine Doctorate Student Bing Copilot
P16 Healthcare and Medicine Doctorate Student You Chat
P17 Healthcare and Medicine Doctorate Student Bing Copilot
P18 Artificial Intelligence Research Scientist Perplexity AI
P19 Human-Computer Interaction Postdoctoral Researcher You Chat
P20 Artificial Intelligence Research Scientist Bing Copilot
P21 Public Services Medical Practitioner You Chat
P22 Artificial Intelligence Research Scientist Bing Copilot
P23 Artificial Intelligence Research Scientist Perplexity AI
P24 Artificial Intelligence Research Scientist Perplexity AI

Table 7: Overview of participants’ anonymized information, including their professional field and occupation. The table also
indicates the specific answer engine each participant used. Participants P22 to P24 took part in the pilot study, while the
remaining participants were recruited for the primary study.

than presenting such assumptions with unwarranted confidence.
This finding aligns with existing research on text generation models
having a Western or Global North alignment and is further
exacerbated by the type of sources these models select [3, 20, 46].
Prior works have established how text and image generationmodels
can perpetuate biases and harms due to misalignment, however, the
exacerbation of these biases can be seen translated in these answer
engines as well. Participants therefore stressed the importance
of the models providing contextually appropriate responses that
consider diverse cultural perspectives and avoid defaulting to a
Western-centric viewpoint.

U.V. Forces Answers When There is Not Enough Informa-
tion (10/21):

Another issue on user interaction identified by participants in-
volved answering expert-level questions that needed more context
or content for proper answer generation. These types of queries,
which we call ‘intractable questions,’ often do not have clear or
straightforward answers available in existing resources. When par-
ticipants asked such questions, the answer engines tended to force
the generation of whatever limited information they could find
from search results, often leading to out-of-context or redundant
responses. Participant P7 highlighted this issue by stating, “So it did
go to the right domain, but it was not able to find the right answer
because that doesn’t exist. There is no one research paper that talks
about combining these three elements yet. But it still generates
an answer.” Similarly, P12 noted the problematic approach of the

answer engine, saying, "The [answer engine] has pulled out certain
terms and then has tried to generate sentences from random parts of
the paper that do not answer the question at all." This suggests that
in the absence of adequate content, the answer engine’s attempt
to generate a response often results in misleading or irrelevant
information.

Participants suggest that the answer engine would be more ef-
fective in such cases if it could recognize intractable questions and
refrain from generating forced answers. Instead, the system should
be capable of categorizing these queries as intractable, thereby in-
dicating to the user that a direct answer may not be available. This
approach would prevent the dissemination of irrelevant or mislead-
ing information, especially in cases where a user is not aware of
this shortcoming.

A.5 Design Recommendation Explanation
S-I. Provide Balanced Answers for Leading Questions: To
mitigate bias in responses, it is essential not to assume or reinforce
the biases of the user. For topics or questions that are potentially
leading or biased, participants in our study strongly indicated the
need for neutral and balanced answers. The system should focus on
addressing the broader context of the topic rather than providing
an expected answer that aligns with any assumed biases.

S-II. Provide Objective Details to Claims: Participants fre-
quently observed that the model often lacked objective details to
substantiate its claims. It is crucial for answer engines to avoid
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excessive summarization of sources. Instead, they should provide
comprehensive information that supports the claims being made.
Wherever necessary, responses should include objective details
such as percentages, figures, or specific data points to strengthen
the credibility of the answer.

S-III. Minimize Fluff Information in Answers: Many par-
ticipants reported instances where the model generated simplistic
answers containing irrelevant or extraneous information. Future
answer engines should ensure that each sentence in the generated
response is contextually accurate and directly relevant to the ques-
tion posed. If a sentence does not contribute meaningfully to the
response, it should be reconsidered or omitted to maintain clarity
and precision.

S-IV. Reflect on Source’s Thoroughness: A significant con-
cern highlighted by participants was the lack of transparency re-
garding how the system selected and utilized sources. The black-box
nature of current models creates distrust, as users are often unclear
about the rationale behind the cited sources. To address this, an
additional trust layer should be incorporated, providing users with
insights into why specific sources were used and how they con-
tribute to the generated answer. This transparency will enhance
users’ ability to critically evaluate the response.

C-I. Avoid Unsupported Citations: Participants observed that
many statements generated by answer engines lacked proper cita-
tions, particularly when making claims that required supporting
references. It is crucial to evaluate each statement’s need for cita-
tion, ensuring that claims are backed by relevant sources retrieved
by the model. If a statement cannot be properly cited, the system
should either remove the statement or clearly indicate its relevance
to the overall answer.

C-II. Double-Check for Misattribution:Misattribution was
another common issue identified by participants, where sources
were cited out of context or incorrectly attributed. To prevent this,
answer engines should externally evaluate citations by considering
the full content of the source rather than just a fragment. Addition-
ally, revealing which part of the source contains the cited informa-
tion can help reduce instances of misattribution, ensuring greater
accuracy in the generated answers.

C-III. Cite All Relevant Sources for a Claim: Participants
found it confusing when answer engines cited only one source
for claims that clearly required multiple references. This practice
hindered their ability to discern the importance of different points
within the response. To address this, models should cite all relevant
sources wherever necessary, helping users understand the breadth
of support for a given claim. This approach reduces the likelihood
of giving undue attention to non-important points or sources that
mention irrelevant information.

C-IV. Retrieved Sources Must be Equal to Used Sources:
Participants noted that some answer engines, like Bing Copilot
and Perplexity, retrieved more sources than were actually used in
the generated answers. This practice led to a confusion of trust,
where users believed that many sources were used to construct the
answer when, in reality, only a small percentage were utilized. To
maintain transparency and trust, it is essential that the number of
retrieved sources matches the number of sources actually used in
the response. This alignment ensures users can accurately assess
the reliability of the generated information.

S-I. Give Explicit Attention to Expert Sources: Participants
observed that answer engines often fail to prioritize authoritative
sources, such as research papers or government websites, even
when these sources provide the most accurate information. Instead,
the system tends to distribute attention equally among various
types of content, including less reliable sources like blog posts
and opinion pieces. It is crucial that the system recognizes and
prioritizes expert sources, particularly when they offer definitive
answers (e.g., CDC for COVID-19 updates). The source’s authority
should take precedence over search engine ranking, ensuring that
the most reliable information forms the core of the response.

S-II. Retrieve and Use Only Necessary Sources: There were
instances where the model retrieved sources that were either inac-
curate or irrelevant to the question asked. Although these sources
weremarked as relevant by the search engine, they were not utilized
in generating the final answer, sometimes limiting the response to
a single source. To improve the accuracy and relevance of answers,
the model should be more selective in retrieving sources, ensuring
that only those necessary for constructing a precise and contex-
tually appropriate response are used. Irrelevant sources should be
discarded to make way for more suitable alternatives, or, if none ex-
ist, the system should acknowledge the lack of appropriate sources.

S-III. Differentiate Source-Based vs. Model-Generated Con-
tent: Answer engines are designed to retrieve and synthesize infor-
mation from theweb,minimizing the risk of hallucination—generating
content not grounded in reality. However, participants noted sev-
eral instances where significant claims or sentences lacked citations,
leaving users uncertain of their origin. These uncited statements are
likely generated from themodel’s training data rather than retrieved
sources. While these statements may be factually correct, the inabil-
ity to distinguish them from retrieved content undermines trust. To
address this, the system should differentiate model-generated con-
tent from source-based content, perhaps through color coding or
disclaimers, enhancing transparency and user trust in the system.

S-IV. Explicitly Mention and be Aware of Source Types:
The origin and type of a source are critical factors in determin-
ing its reliability. Participants noted that, when using traditional
search engines, they typically assess the credibility of a source be-
fore trusting its information. This behavior was less evident when
using answer engines, where the source type and origin were not
always transparent. Participants recommended that answer engines
become more discerning about source types and their relevance
to the question. The top search results are not always the most
accurate; hence, the model should intelligently assess and prioritize
source types, ensuring that the most credible and relevant sources
are used to generate answers.

U-I. Incorporate Human Feedback on Sources and Text:
One significant limitation identified by participants was the re-
stricted interactivity within the answer engine’s interface. Users
were not given the option to modify sources or provide feedback
on how the generated content could be improved. To enhance the
quality and relevance of the generated answers, it is recommended
to implement a human feedback system. This would allow users to
contribute insights on the search results and suggest adjustments,
leading to more accurate and contextually relevant responses.

U-II. Implement Interactive Citations (e.g., on Hover): An-
swer engines are increasingly used as sociotechnical systems across
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various fields, including education, IT, and healthcare, where they
are expected to provide quick and reliable answers. However, the
use of citations—a familiar tool in academic contexts—is not as
intuitive for many users in their daily lives. Participants suggested
the development of interactive citations, such as on-hover pop-ups,
which would display detailed source information when users hover
over a citation. This feature could encourage users to verify the
information and understand the source content more thoroughly,
thereby increasing the reliability and usability of the system.

U-III. Incorporate Paragraph-Level Local Citations: Cur-
rently, answer engines often place citations at the end of sentences,
which can create confusion about whether the entire sentence or
just part of it was sourced from the cited reference. Participants
expressed uncertainty when it was unclear which parts of the sen-
tence were directly supported by the source. To address this issue,
the system should implement paragraph-level local citations, clearly

indicating exactly what information was cited and fromwhere. This
approach would improve transparency and help users better un-
derstand the relationship between the generated content and its
sources.

U-IV. Avoid Forced Answers When Information is Insuffi-
cient: Participants observed that answer engines often generate
responses even when there is insufficient information or when
the question has no legitimate answer. This tendency can result
in the dissemination of misinformation or fabricated content. For
instance, when faced with a question about a non-existent concept,
such as "Does the theorem of Law dispersion explain relative ac-
centuation?" the system should recognize that no such theorem
exists and explicitly state that no answer is available. Similarly,
when information is insufficient, the system should refrain from
generating an answer, thereby preventing the spread of inaccurate
or misleading information.
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