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Abstract accuracy and reliability of their responses [20]. While LLM outputs
LLMs have great potential for shaping how people find and under- often appear credible and authoritative, closer examination reveals
stand information. However, current tools can struggle to provide systematic inaccuracies. Recent research acknowledges that these
authoritative sources, fabricate plausible references, and present fabrications cannot be fully eliminated through current technical ap-
obstacles to assessing truthfulness of their outputs. Understand- proaches [25, 26]. Recent work has also demonstrated that attempts
ing how users verify LLM outputs is particularly important in to mitigate inaccuracies through increased model parameters, con-
scholarly disciplines where information produced becomes the textualised training data, or integration of external knowledge bases
foundation of future knowledge. We investigated the factors that remain insufficient [59, 60].
influence academic researchers’ decisions to verify LLM responses, In parallel, research in the fields of Human-Computer Interaction
their verification strategies, and the effectiveness of those strate- and Information Science has identified significant risks associated
gies. We conducted a naturalistic think-aloud study, followed by with the recent rise of LLM generated misinformation. Misleading
a semi-structured interview, where we observed 16 researchers content produced by LLMs can reinforce false beliefs and potentially
across disciplines using LLMs of their choice to conduct a research lead to harmful decision-making, particularly when users lack the
information-seeking task. Our findings highlight that prevailing knowledge or tools to verify outputs [e.g., 42, 55].
LLM design can hamper users’ ability to satisfy their information While extensive research has examined how people verify infor-
needs for several reasons, such as lack of transparency about sources mation found on the web and social media [e.g., 17, 28, 40], there is
used in LLM outputs and lack of faithfulness of LLM outputs to the limited empirical evidence on their verification approaches when
source. Based on these findings, we discuss how future LLMs can interacting with LLMs, especially for scholarly tasks. Addressing
better support users in effective verification. this gap is important because academic researchers represent a pop-
ulation with high stakes in information accuracy and established
CCS Concepts practices for evaluating sources, yet face novel challenges when

these established practices meet opaque systems.

In this paper, we investigate how academic researchers ver-
ify LLM responses when using them to conduct research-related
information-seeking tasks. We examine the factors that influence
their decision whether or not to verify information, and the strate-
gies they employ to assess the veracity (and relevance) of responses.

+ Human-centered computing — Empirical studies in HCIL

Keywords

HCI, LLM, Generative Al, Verification, Information seeking, Infor-
mation behaviour, Trust

ACM Reference Format: Through a naturalistic observation of 16 researchers conducting
Monica Visani Scozzi, Stephann Makri, and Pranava Madhyastha. 2026. self-selected scholarly tasks, we provide empirical evidence of veri-
"Although Powerful, it’s not Infallible": Investigating Academic Researchers’ fication behaviour in real academic contexts.

Verification Challenges with LLMs. In 2026 ACM SIGIR Conference on Human We address two key research questions: RQ1) What factors in-

Information Interaction and Retrieval (CHIIR "26), March 22-26, 2026, Seattle,
WA, USA. ACM, New York, NY, USA, 11 pages. https://doi.org/10.1145/
3786304.3787865

fluence academic researchers’ decisions to verify or accept LLM
outputs during information-seeking tasks?; and RQ2) What verifi-
cation strategies do academic researchers employ when interacting
with LLMs, and what difficulties do they experience when employ-
ing them? Our findings contribute a detailed characterisation of
Large Language Models (LLMs) have become increasingly adopted verification practices with LLMs, highlighting both the strategies
for information retrieval tasks [11], yet concerns persist about the researchers employ and the barriers they encounter. These find-
ings have implications for designing LLM-based tools that better
support rigorous information verification.

1 Introduction

*Main author to this research

This work is licensed under a Creative Commons Attribution 4.0 International License. 2 BaCkground

CHIIR °26, Seattle, WA, USA Even pre-internet, verifying the accuracy of information was deemed
© 2026 Copyright held by the owner/author(s). tial to h inf tion int i ticularly i hol
ACM ISBN 979-8-4007-2414-5/26/03 essential to numan-irormation mmteraction, particularly in a scnol-

https://doi.org/10.1145/3786304.3787865 arly research context [16]. With the advent of web search, concerns
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grew about whether and how users verified online information:
Rieh [39] found that scholars made predictive and evaluative judg-
ments shaped by domain and system knowledge, author credentials,
source reputation, URL type, and presentation. This was extended
into a three level credibility framework (construct, heuristics, in-
teraction) [19]. Despite remaining sceptical, users often do not
verify information [17], partly perceiving web search as factual re-
trieval [22]. Users relied instead on heuristics [35], while concerns
over misinformation [28] and studies of fact-checking strategies
[57] highlighted the need for better verification practices. Recent
research [5, 49] shows whether people verify depends on trust, per-
ceived effort, awareness, and truth-seeking motives. At the same
time, research has worryingly demonstrated that information found
online was subject to confirmation bias and memory distortions
that could reinforce misinformation [29].

These longstanding issues with online verification set the stage
for even more complex and qualitatively different challenges with
LLMs. Firstly, LLM responses predominantly lack transparency in
their generation process. Unlike search engines that return distinct
sources with explicitly visible provenance, LLMs synthesise infor-
mation from their training data, obscuring the origins of specific
claims while presenting outputs in coherent, authoritative prose.
This opacity makes it difficult for users to trace information back to
verifiable sources, while perceiving the responses as confident [41].
Secondly, because LLMs are trained on vast amounts of web-sourced
data [20], much of which is unverified, they may potentially inherit
and propagate the same misinformation challenges that plague web
content, but in a form that appears more authoritative and is harder
to trace. Finally, the natural language conversational interface, long
advocated as ideal for information seeking [3], paradoxically intro-
duces new verification challenges. Given the challenges associated
with both verification in general and verification of LLM outputs, it
is critical to examine how academic researchers - who rely heavily
on accurate information - approach verification in LLMs.

Even before LLMs’ public release, Shah and Bender [41] warned
that users might perceive LLM responses as confident, but not have
sufficient opportunity for verification. Surfacing original sources
was suggested as a potential way to mitigate the risk of false or
misleading responses [42]. Furthermore, a call was made for user
studies to determine whether and how users actually verify LLM
responses [42]. Our study addresses this call.

Albeit with caution, researchers are increasingly adopting these
tools for various research tasks [1, 37, 54]. Many researchers recog-
nise the risks of accepting LLM-generated information without
verification [33, 44], as inaccuracies in foundational knowledge
can compound throughout the research process [29]. Researchers
bring established verification strategies from their experience with
web-based information: cross-checking multiple sources, assessing
source authenticity and authority, and evaluating internal coher-
ence, all of which remain relevant tools, as demonstrated [34].

It hence remains unclear whether these theories and pre-LLM
strategies transfer to LLM interactions, and whether current tools
provide adequate support for verification. Academic researchers
also vary in their domain knowledge, research experience, and
familiarity with LLM capabilities—factors that may influence verifi-
cation behaviour. Understanding how these factors interact with
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LLM verification practices can guide their design to better support
researchers of varying expertise, as prior studies suggest [8].

In this work, we provide empirical evidence of academic re-
searchers’ verification practices, from a human-information inter-
action perspective. Our aim is to understand verification behaviours
to inform the design of LLM tools that better support the acqui-
sition of accurate and trustworthy information, especially for re-
search purposes. Prior research has highlighted the importance of
accounting for user characteristics which includes domain knowl-
edge, tool knowledge, task experience, and task complexity when
studying information-seeking behaviour [9, 52]. In scholarly re-
search, these factors are particularly salient: domain knowledge
is essential to academic contribution, and both cognitive and af-
fective states influence the information-seeking process [4, 27]. To
observe verification behaviour in its most faithful form, we adopted
a naturalistic observation approach rather than assigning artificial
tasks to participants. In our study, the participants performed self-
selected, research-related information-seeking tasks that they were
already planning to complete using LLMs. This approach allowed
us to observe verification behaviours that emerge naturally during
scholarly work, rather than behaviours that might be prompted by
experimental demands or artificial task constraints.

We now present our method and findings, which shed light on
these verification behaviours.

3 Method

In this section, we present our naturalistic observation approach,
which aimed to examine how academic researchers verify informa-
tion when using LLMs for scholarly tasks.

3.1 Participants

We recruited 16 academic researchers through adverts distributed
via university mailing lists (PhD programmes and departmental
lists) and through affiliated research groups. All participants had
prior experience using LLMs for information-seeking and retrieval
tasks related to their research. Participants represented diverse
academic disciplines and used various LLM tools (such as: Chat-
GPT, Gemini, Copilot, Perplexity and specialised tools like Con-
sensusGPT). Their academic roles ranged from PhD students to
postdoctoral researchers and faculty members. This diversity in
disciplinary background, academic experience, and tool familiarity
enabled us to observe how different contexts and expertise levels
influenced verification behaviour. We based our sample size on pre-
vious related work for exploratory qualitative research involving
observation and interviews, such as [12, 32].

3.2 Eligibility and Screening

To ensure participants were likely to perform authentic research
tasks, we established inclusion and exclusion criteria. Our inclusion
criteria were: a) prior experience using LLMs for research-related
information seeking; b) a planned information-seeking research
task where they would have use an LLM; c) a suitable information-
seeking task where there was the potential for verification practices
to be demonstrated. We excluded three categories of tasks to focus
on contexts where verification behaviour would be observable and
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meaningful. These were: 1) programming tasks — which are fun-
damentally different tasks than information seeking; 2) language
translation tasks — where verification depends on bilingual fluency
and subjectivity; and 3) creative writing tasks — where assessment
is subjective and does not involve factual verification. Inclusion
and exclusion criteria were decided based on the authors’ reflex-
ive discussions about their own experiences when using LLMs for
academic research, existing studies [50, 56] and verification oppor-
tunities: tasks had to be self-assigned by the participants, authentic
to the participant’s research, and planned for completion using an
LLM regardless of study participation. This screening strategy was
designed to ensure that we observed tasks with genuine stakes and
realistic verification needs.

To ensure participants’ self-selected tasks involved a substantial
amount of information-seeking and had potential for verification,
we asked them to send the researcher 2 or 3 possible tasks they
might undertake ahead of the study. To illustrate the range of pos-
sible suitable tasks and support their task choice, we sent them a
list of examples beforehand (Table 1).

3.3 Study Approach

Each session lasted one hour, consisting of: (1) the participant spend-
ing 30 minutes conducting the self-selected task(s) while thinking-
aloud, with the researcher asking opportunistic questions about
their behaviour and rationale [31]; (2) the researcher completing
a post-task questionnaire to obtain contextual information about
familiarity with the topic, Generative Al used, demographic infor-
mation like age, gender, years topic researched; (3) the researcher
conducting a 15 minutes semi-structured interview with the partic-
ipant, to clarify the behaviour observed.

Sessions were conducted via Zoom, with both audio and screen
activity recorded. The think-aloud protocol captured affective, be-
havioural, and cognitive processes, surfacing challenges and decision-
making that might otherwise remain implicit.

3.4 Transcription and Analysis

We analysed the data through a three-stage process, combining
inductive Thematic Analysis [7] with focused coding aligned to our
research questions. The first author conducted the coding, while
all authors collaboratively discussed codes, refining their definition
and boundaries. The authors reviewed the final codes together to
ensure cohesion and consistency.

Stage 1: Familiarisation and enrichment. We transcribed all
think-aloud recordings and interviews verbatim. While reviewing
transcripts alongside video recordings, we enriched the data by: (a)
inserting descriptions of observed actions in square brackets; (b)
capturing screenshots of salient interactions; and (c) adding prelim-
inary analytical notes about observed verification behaviours. This
process allowed deep familiarisation with the data while preserving
contextual details that audio transcription alone would miss.

Stage 2: Inductive Thematic Analysis. We conducted an ini-
tial inductive Thematic Analysis [7] to identify general patterns
in verification behaviour. During this phase, we generated codes
describing observed behaviours without imposing predetermined
categories. For example, we coded instances where participants
checked alignment between responses and prompts, verified claims
against sources, or assessed reference credibility. This stage re-
mained open and exploratory.
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Stage 3: Focused coding aligned to research questions. The
richness of the qualitative data necessitated a more structured ap-
proach in the third stage. While maintaining the ethos of Thematic
Analysis, we reorganised codes to directly address our research
questions. We structured codes into categories descriptive of the
verification experience: situations of explicit or implicit omitted
verification, verification triggers and strategies adopted to verify.

We iterated through each participant transcript again, applying
this focused coding scheme. Codes were then reviewed individually
to assess consistency, merging or splitting them where necessary
to capture distinct behaviours. For example, we initially coded vari-
ous source-checking behaviours together, but later distinguished
between checking source authenticity versus source authority, as
these reflected different verification concerns. The information col-
lected through the screening survey and the post-task questionnaire
complemented the data in the format of tables, offering possible
interpretations of the think-aloud and interview.

3.5 Participants’ Choice of LLM tools

The LLM tool(s) used by each participant are reported in Table 2.
Although many of the tools had different interfaces and underly-
ing models, they were not very different from each other from a
user interaction perspective and therefore we did not note substan-
tial differences in verification behaviour across tools, apart from
the following notable points: no Gemini users interacted with the
double-check functionality; ChatGPT and Perplexity listed more
sources than were referenced in context and ChatGPT responses
were inconsistent in how they presented references (sometimes no
references at all, only links, only list, list and in-context references).

3.6 Ethical considerations

The study received ethical approval from our departmental ethics
committee. All participants provided informed consent prior to
participating. While we did not initially disclose that the study
focused specifically on verification behaviour (to avoid influencing
naturalistic behaviour), participants were fully debriefed during the
post-task interview phase. The consent process informed partici-
pants that the study was investigating ’information-seeking prac-
tices with LLMs’ without specifying verification, and participants
were informed they could withdraw at any time. No participants
expressed concerns about this approach during debriefing.

Table 1: Task types participants undertook, categorised by
their primary information need, with participant identifiers
(three participants performed two tasks).

Task type Information need No. of tasks ~ Participants
Literature exploration Identify reliable and authoritative sources 4 P1,P3,P7,P15
Ideation Explore ideas for a research proposal 3 P2,P4,P16

Q&A Expand own knowledge on a topic 5 P3,P6, P8, P11, P12

IS

Summarisation Understand a paper content to gain knowledge
Operational (How-to) ~ Find a method for a research task

P5, P10, P13, P14
P2, P14, P9

w

4 Findings: Factors influencing Verification

We identified seven factors that influenced whether and when par-
ticipants chose to verify LLM responses during their information-
seeking tasks. These factors often interacted, with multiple ele-
ments simultaneously shaping verification decisions. We present
each factor with illustrative examples from our observations.
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Table 2: Participant demographics, research context, and LLM
tools used (Yrs = years on research topic; LLM Expertise =
self-assessed 1-5 scale; * = free version; ** = ConsensusGPT).

Participant  Role Tasks Yrs Discipline Age range  Gender LLM Expertise  LLM

ChatGPT-10"
ChatGPT-40

Female
Female

P1 Post-doc 1
4
Male 1
2
4

P2 PhD student

Literature exploration <1 HC
Ideation, Operational 1 Management
Literature exploration, QA 1 Law

Ideation <1 Accounting
Summarisation 2 Management
P6 PhD student  Q&A <1 Finance

7 Postdoc  Literature exploration 1 HC

P8 PhD student  Q&A <1 Journalism
P9 PhD student  Operational Health Services
P10 PhD student  Summarisation

P11 PhD student Q&

P12 PhD student

ChatGPT-do,
Perplexity
ChatGPT-40
ChatGPT-40"

P3 PhD student Gemini
P4 PhD student

Ps PhD student

Male
Female
Male
Male 5
Male

Female
Female
Female

Not declared

1
2 Data Visualisation
1 Data Visualisation
1 Psychology

4 DataScience Female
6 Female
5 Female
4 Female

HCl
Games studies

ion, Operational
xploration

35-44
Artificial Intelligence  35-44

P16 Post-doc Ideation

4.1 Influence of task type

We classified participants’ tasks according to the information need
stated by the researcher as their goal when initiating the task: Lit-
erature exploration (acquiring new sources on a topic), Ideation
(generating ideas in a context), Question & Answer (referred hereby
as Q&A, expanding own knowledge on a topic), Summarisation
(summarising a paper to refresh or distil knowledge), and Opera-
tional (finding a prescriptive method to perform another research
task). Out of the sixteen participants, three performed two tasks
during their session (P2, P3, P14). See Table 1 for a summary of the
task distribution and to Table 2 for participant demographics.
Researchers approached Literature Exploration tasks with a
strong focus on verifying relevance and credibility of suggested
sources. This was driven by a general distrust in Al responses,
prompting them to cross-check by following embedded links or
using search engines. In all Ideation tasks, participants assessed
response relevance, but verification varied: two researchers did not
verify sources surfaced by the LLM and seemed to value the output
of the ideas disregarding their origin ("It’s the idea that counts”,
P4). However, another researcher applied stricter verification, in-
fluenced by prior journalism experience and a highly structured
ideation process oriented to funding opportunities. Question &
Answer tasks (Q&A) highlighted a tendency to prioritise satisfying
the information need over immediate verification, with source-
checking often deferred. For Summarisation tasks, verification
was driven by topic familiarity - known papers prompted selective
verification (cognitive dissonance, prior Al inaccuracies), while new
ones were often accepted without checking, reflecting perceived
tool proficiency in summarisation and cost-benefit reasoning. In
Operational tasks, participants relied on prior knowledge and
postponed verification until implementation the steps suggested
by the LLM, with only P14 proactively seeking additional sources.

4.2 Perceived importance of verification

Participants emphasised the importance of verification for research
versus everyday life tasks, placing it at the heart of academic rigour
and intellectual integrity (“the way I've framed genAl is that you're
using it as a tool...and that also comes with its own level of academic
rigour and understanding” (P15), subjecting LLM output to critical
scrutiny.

Several participants (P3, P5, P9, P10, P11, P14) postponed ver-
ification until they needed to incorporate the information found
into their research (writing a paper or thesis, finalising a systematic
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literature review protocol or a data visualisation dataset): “If I'm
gonna use that information in my work, I go for the verification, be-
cause I'm not going to report something that I'm not sure if is accurate
or not”, (P3).

However, when researchers lacked subject matter expertise, their
approaches to verification varied: P12 admitted accepting the infor-
mation from their Q&A task if it sounded plausible, in contrast to
others (P1, P3, P7, P16), who stressed verification as essential, disre-
garding topic knowledge or task type. Two researchers highlighted
the heightened risk of accepting information at face-value when
unfamiliar with the topic, highlighting the need for rigorous eval-
uation and critical thinking (P11, P15). Another participant (P10)
observed that they applied strict verification when conducting core
tasks such as writing, while they were softer on ChatGPT responses
on side tasks. As P15 posed it: “You can’t just be like ‘oh, this is gospel’.
It’s like: ‘no, it’s not gospel’. It’s one nugget of a wider process that you
have to leverage.” This shows that information acquired through
LLMs represents only part of a more complex research process, as
reflected in Bystrom and Hansen [8].

4.3 Cost-benefit evaluation

Researchers weighed the cost of verifying information versus per-
ceived benefits, represented by the value of the information or the
additional insight gained through verification, in line with Infor-
mation Foraging theory [38]. Their decisions on whether to verify
relied on prior knowledge and importance of the information: if the
response resonated and induced low or no cognitive dissonance,
verification was perceived as outweighing the benefit, and skipped.
Six participants explicitly reported inaccuracies but accepted them
without further verification, such as P10, who said “T’ve noticed
they’ve got something wrong, which is because I have looked at this
paper a little bit. It was GPT-4v, not just GPT-4. But it kind of doesn’t
matter because it amounts to the same thing”, (P10). In this example,
the perceived benefit of verification was low, and the error incon-
sequential. However, P10 did verify information related their core
objective, understanding the dataset: ‘T need to know when it says
‘prior research’ what does it mean. Like, where is the data from..” (P10).
In summary, when the information sought was at the core of the
task and the response lacked accuracy, the benefit was perceived
as outweighing the cost and verification was initiated.

4.4 Perceived response accuracy

Several aspects of LLM responses influenced their perceived accu-
racy and amplified or attenuated researchers’ need for verification:
prior knowledge about the domain or source, references, lan-
guage dissonance and structure.

Prior knowledge. All participants referenced prior knowledge of
the topic or the source when assessing response accuracy, though
it functioned in complex ways. Prior knowledge triggered veri-
fication when the response generated a cognitive dissonance ver-
sus what known about the topic or the source. For example, both
P10 and P15 decided to verify when they thought that LLM misat-
tributed claims in the responses. For both participants, prior knowl-
edge raised suspicion and triggered verification. In other cases
participants accepted the responses when encountering familiar
authors and concepts. Other factors contributed to participants
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accepting the response: perceived cost-benefit of verifying, per-
ceived trust in the LLM and the task’s role in the wider re-
search process. For example, in P2’s case the task was part of a
broader ideation process about race and feminist movements: “They
suggested ‘Intersectionality’, which I'm familiar with. So I would take
this and build upon Kimberlé Crenshaw". P2 did not further verify,
stating they would later consult traditional digital libraries.

When prior knowledge was not available, participants found
some responses useful but exercised caution to information pre-
sented, recognising their lack of knowledge. As P11 stated while
looking for information about participatory process evaluation,
“This is just giving me information about what process evaluation
is because I am literally just on the outside of this and I don’t know
what I'm doing.” Their lack of task knowledge prompted them to
shift their information-seeking task from understanding the topic
to its sources. Yet, in another situation the same participant decided
not to verify due to the novelty of the information encountered:
“Okay. Outcomes, several methodologies. Okay. Participatory impact.
I have never heard of this. So this is, I guess, useful”. This shows
how prior knowledge can swing the decision towards or away from
verification, depending on other factors.

References. The presentation of references in plausible aca-
demic format reassured some participants (“These references are
now coming up and I like the look of that”, P9), while made some oth-
ers sceptical (“There have been a couple of occasions where I've seen
Chat produce what phantom references is”, P2). This was in general
due to prior experience with reference inaccuracies. During the
study, LLMs provided participants with links leading to deprecated
or obsolete pages (P3, P11) and fabricated references (P1).

In another set of examples, three participants noticed that lengthy
LLM responses included a maximum of five references, while the
full list of sources cited was much larger (in one case 33 sources).
This triggered suspicion in two participants, who then investigated
the full list of citations, but not in the third who had uploaded the
selected paper for an ideation task.

Language dissonance. At times, participants questioned if the
language in the LLM’s response was a reflection of the source or a
fabrication, and decided to go back to the original source to verify.
For example, when reading an LLM-generated summary of a paper,
P5 stated “it seems to me that it doesn’t use the language the authors
used”.

In another situation, unclear verbose responses confused P6, who
concluded ‘T need to ask to my professor why. [..] It’s just wording
but.. useless. It’s just words without any meaning”. P6 then moved
to Google Search to find a better source of information. Boldness
of language also triggered verification in both P10 and P15: (“when
ChatGPT gives me some bold statement and usually doesn’t give you
any reference, I go and look at that through publication”, P15).

Mismatch between response and source structure. Sometimes LLM
tools presented information closely mirroring the source (e.g. re-
producing a complete list of items). However, other times they
structured information not entirely matching the source. When
this happened, participants (e.g. P5, P10) perceived a discrepancy
and this triggered verification. For example, when examining a list
of deceptive verification practices, P10 noticed that the LLM had
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merged two items in the list. The mismatch created an increased
cognitive load and sparked verification.

4.5 Perceived trustworthiness of the LLM

Participants’ trust in the LLM worked both ways: on the one hand,
inaccurate information encountered in prior interactions influenced
researchers to distrust response elements, like references (phantom
references, links to a different paper, or a paper being misrepre-
sented as something it was not) and quotes. On the other hand, prior
positive experience with Al induced lower willingness to verify.

We observed that successful verification within a single inter-
action could induce a ‘state of trust’: P13 verified a second quote
(response 4), since having previously received inaccurate quotes.
The verification was successful — two parts of the quote appeared
in two separate sentences in the same paragraph. P13 did not verify
the two successive quotes, nor the first: “the quote is a little bit.. Let
me see. It seems to be a little bit outside. But anyway..[..] So it’s correct.
I just felt that it was maybe hallucinating”, (P13). Nine researchers
expressly stated they did not trust LLMs (e.g. P2, "although it is
powerful, it’s not infallible"), yet stated using it because of its use-
fulness. Some researchers demonstrated awareness of stochastic
word generation in LLMs, and approached interactions with LLMs
cautiously. For example, P16 stated “the verification there is impor-
tant when I'm building my own knowledge about certain topic so I
want to make sure that I'm not just adapting certain random word
that has been concatenated based on some stats”.

4.6 Illusion of Relevance

LLM responses sometimes created an Illusion of Relevance by echo-
ing the prompt. This resulted in many participants believing the
content aligned to the prompt due to two key cues: 1) the opening
paragraph often paraphrased the prompt (e.g. P1, P4, P10, P12),
setting the expectation of alignment; 2) listed sources appeared
relevant based on their descriptions or titles, but closer inspection
revealed they did not actually support the implied claims (e.g. P1,
P2, P7).

As P2 noted, “maybe because I'd used a certain word it surfaced a
certain paper, but it didn’t pertain to the question that I had asked
or the prompt...given. But I wouldn’t know that until I really checked
the paper, because...the title was quite relevant”. P2 had learnt the
necessity of verification due to the apparent relevance, which in-
creased participants’ cognitive cost of verification: they had to
inspect sources not relevant, and at times felt compelled to revisit
their prompts and previous responses, initially assuming an over-
sight on their part as the cause for irrelevant sources, only to realise
it was actually the LLM’s behaviour.

4.7 Conversation integrity

When the integrity of the conversation was compromised due to
inconsistencies across responses or the Illusion of Relevance, some
researchers (P1, P10, P7) initiated verification of the interaction
history, to assess the cause of the inconsistency: was it the result
of an inaccurate prompting, or was the response contradictory or
inaccurate in relation to the prompt? This inconsistency manifested
as cognitive dissonance, resonating with Borlund’s concept of a
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"cognitive relevance check’ [6]: users noticed conversation mis-
alignments and violations of conversational principles, as in Grice’s
pragmatics [18]. This intriguing behaviour was induced by LLM
responses.

As an example, P7 was using an LLM to identify papers about
the use of storytelling in participatory design for health conditions.
They seemed confused because response 2 did not focus on papers
about ‘storytelling’. They revisited their first prompt, realised it
included the word ‘narratives’, momentarily considered this as the
originating issue, but then noticed that the first paragraph of re-
sponse 1 did indeed mention ‘storytelling’. They concluded about
both responses: “oh, so it says here ‘storytelling’..but it didn’t sug-
gest, I think, storytelling papers as such”, (P7). P7 thought that their
request for ‘storytelling’-related sources had propagated through
the interaction, but realised only upon an effortful verification of
the chat history that it had been missed from the outset of the
conversation. P7 detected this Al sycophancy and realised their
misunderstanding.

4.8 Summary of factors

Our findings demonstrate that task complexity, prior knowledge
and problem structure interact to influence academics’ decisions on
whether or not to verify LLM responses. We found that inaccuracies
in LLM responses triggered the need to verify for source authentic-
ity, while also strengthening the need to check for authority and
relevance. Academics determined the importance of verification
based on situational attributes in Bystrom and Hansen [8]. In par-
ticular, the research task goal and the role of information-seeking
in the wider research process dictated academics’ verification pri-
orities. Also, researchers’ perceived usefulness of the LLM tool
strongly influenced their perception of credibility of the responses.
When academics identified misalignment between successive LLM
responses or between references and responses, the illusion of rele-
vance was broken, triggering the perceived need for verification.
Finally, the simplistic interfaces and lack of transparency of LLMs
increased the influence of tool knowledge on meta-cognitive aware-
ness, as found in prior research [4, 9, 52].

5 Findings: Verification strategies and their
effectiveness

Researchers adopted various strategies to verify information found,
often deciding to leave the LLM tool and use search engines, digital
libraries or other Al tools. Verification strategies were often applied
in parallel, complementing each other. Some of their verification
strategies included finding sources to support claims, assessing
authenticity and authority of sources, interacting with sources
to check them in detail, re-prompting with focus, comparing
responses to prompts to understand the root cause of response
misalignment, or using other LLMs to cross-check information.
We present each of these strategies in the following subsections.

5.1 Finding sources

Among the most adopted strategies, researchers looked for sources
to support the claims in the response. This strategy was triggered
by the need for cross-verification, or when sources were missing
in the LLM’s response. For example, when looking at a response
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with no embedded references, P11 stated “these are nice ideas which
I can look at, but I need to know where they’ve come from” and
re-prompted for sources.

Researchers would either re-prompt in the LLM tool (“give me the
list of some accurate and reliable resources”, P3), or employ Google,
Google scholar or other search tools, as with P8: “‘give me the verifi-
able sources’ and I go to their papers. Because I don’t differentiate...the
fabricated response from the credible one", (P8).

This re-prompting strategy failed when the LLM was not capa-
ble of providing sources aligned to a claim in the response. For
example, the LLM tool struggled to find relevant prior research in
a novel research area for P1. This led P1 to re-prompt three times
for sources. P1 received references that were fabricated references,
yet formatted in an academic style, and the same two links were
repeated across the responses, despite being only partially relevant.

5.2 Assessing source authenticity

A few researchers distrusted the LLM tool due to prior experi-
ences of fabricated references, and purposely checked authentic-
ity of sources by opening the references, copying a reference and
searching it in Google, Google Scholar or other digital libraries: P16
searched project names in Google, distrusting the LLM: “So here it
gives me some names...This is 'm assuming one project. So I'm going
to look at it, to make sure it’s not hallucinating”. P16’s verification
strategy was external to the LLM, and similarly P7 searched for a
reference directly in Google Scholar, remarking “if I go here, then
that’s Google Scholar, and I will verify the publication exists”.

Participants’ behaviour reflected their perception of the tool as
not capable to offer the reliability and accuracy required for their
research task. Yet, their strategy failed when a link in the response
led to a missing or different web page (P3 and P11 respectively),
or when references were fabricated, as in P1’s example, where
the reference could not be found in the page linked in the LLM’s
response, nor in Google Scholar.

5.3 Assessing source authority

Those participants who engaged in literature exploration, Q&A
and some ideation tasks explicitly stated the need for authorita-
tive sources, discarding blogs, Wikipedia and other non-academic
sources. As P15 stated, “some of the stuff where it’s like they’ve writ-
ten a blog. I'm like, okay, like there’s not going to be anything too
empirical”. They frequently discarded sources they did not consider
academically reliable.

Authority assessment was performed first using the information
in the response (year, authors), and then by opening the source to
conduct authenticity and further authority checks. After looking
at a source in a publishing journal, P7 discarded it since “it’s in
Japanese Psychological Research, so I probably won’t look at this
because it doesn’t seem like a journal that would be highly ranked”.
As with other participants (e.g. P11, P16), P7 sought publications
deemed particularly reputable in academia. In P7’s example, source
authority could not be fully assessed in the LLM’s response, due
to missing publisher information. Another participant (P16) used
an articulated process, by looking for the author in a research
directory (DBLP) to assess their publications, academic activity and
affiliations. Other researchers also mentioned this approach, stating
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they would use it at a later stage, when examining sources more
closely. As P8 put it, ‘T got names and papers suggested by Gemini. I
go to Google Scholar and I look for their papers, I read a little bit of
their papers and then I go to the profile...Google Scholar gives you in
fact the name and where that individual works and how renowned he
is and things like that”. In this case, P8 implied they would perform
authority verification more thoroughly later. What was evident
across examples was that source authority could not be verified
within the LLM tool, so participants used external resources.

5.4 Interacting with sources

Cognitive dissonance often triggered doubt in our participants, ei-
ther due to nuances versus prior knowledge about the topic or the
source, or due to an intuition of relevance misalignment, as ex-
plained by Sperber and Wilson [46]. Participants adopted the most
common verification strategy: they would find the original source
and see if the claim was aligned to the source. This strategy was
laborious, leading them outside of the LLM tool. Only occasionally
did the LLM provide a precise indication about the location of the
claim. For example, P14 uploaded a PDF for a summarisation task
and the LLM provided the page number of the quote mentioned in
the response. In general, researchers interacted with sources either
to verify claims, relevance and/or authority. When the source was
an academic paper, researchers would often consult the abstract -
also achieving authority verification.

When opening links directly from the response, researchers as-
sessed the content of the web page and discarded sources if deemed
not authoritative or relevant. For example, P7 opened a link in
Consensus, which erroneously labelled the paper as a ‘systematic
review’. However, P7’s strategy failed, since they trusted Consen-
sus’s label and believed the paper was a systematic review, despite
distrusting ConsensusGPT itself, which referred to the paper as a
‘study’. P7 discarded the paper as they said they were "not inter-
ested in systematic reviews". When verification was triggered by
specific claims, researchers opened the source and looked for the
point mentioning the claim: P13 copied the text ‘mind perception
theory’ from ChatGPT, moved to the source paper and pasted it
in the search function using CTRL+F. As no results were found,
they removed ‘theory’ from the search query and found where
‘mind perception’ was mentioned. The strategy of finding text in
the source by using the search function failed for other participants,
either due to difficulty committing the exact wording used by the
LLM to memory, or due to the LLM rephrasing concepts that were
mentioned with nuanced difference in the source.

5.5 Re-prompting with focus

Re-prompting was used as a general strategy to address insuffi-
cient accuracy in responses: participants re-prompted to obtain
“verifiable, credible journals and sources” (P8), to ask for ‘academic’
sources (P1), or to address inadequate response depth or tone. P12
was conducting research on inferentialism, re-prompted Copilot
to ask why it defined an example in their previous prompt as a
’deductive inference, and P14 explicitly asked the LLM tool if a
paper did “include the word <impairment X>": both participants
needed more precise information, and the re-prompt aimed to ad-
dress information needs not satisfied in the previous interaction.
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This strategy was not always successful. In these examples, while
P14 achieved their goal, P12 did not achieve clarity and sought a
known paper as a source of reliable information.

5.6 Comparing responses to prompts

Participants were confused by responses that, at first, seemed aligned
to their prompt (paraphrasing it in the first paragraph), but later
proposed information that was not actually entirely related to the

prompt (see P7’s example in section 4.7). In these cases, participants

inspected their prompts for accuracy, assuming an ommision on

their part. When they found their prompt sufficiently accurate, they
engaged in a second type of verification - comparing parts of the

response to the prompt. This form of verification was laborious,
due to the initial apparent alignment. It was only by continuing to

read the response that they realised the paragraphs that followed

did not align to it, revealing Al sycophancy, as P1 observed: “it
actually talks about <impairment 1> at the top. But the result is for
blind people, so it doesn’t connect it”.

5.7 Using other LLMs

P6 used two LLMs in parallel throughout the observation, and
some other participants (P8, P9, P15) explained that they would
perform their information-seeking task across multiple LLM tools.
This strategy was adopted to optimise the outcome of the task,
but also as a form of cross-verification. P3 commented: “Gemini is
telling me: Factors favoring a strong regulation’..Okay, so we have
some common answer’”. Other participants decided not to rely on the
LLM’s description of a source, which they deemed insufficiently ac-
curate, and instead used ChatPDF to summarise the original source.
This strategy was successful but convoluted, since it first involved
downloading the PDF file from the publication web page, then up-
loading it into ChatPDF. P6 deserves particular mention as, in order
to understand a formula, they asked ChatGPT an example. But as
they did not trust the AI calculations, they used a development
environment to verify the values in the example.

5.8 Summary of strategies

In this section, we reported the verification strategies most used
by academic researchers. These included: locating cited sources
(either through the LLM tool or independently), verifying source
authenticity and/or authority, examining original sources to verify
specific claims, re-prompting to obtain more accurate responses,
and comparing the prompt with the response. Other (less common)
strategies observed but not reported involved comparing responses,
comparing sources to prior knowledge and consulting other people.

6 Discussion

In this section, we discuss limitations in current LLM design that
we identified through our findings: faithfulness to sources, task-
specific verification needs, apparent conversation integrity,
lack of transparency about interaction actions-consequences.
We outline future research directions and reflect on limitations.

6.1 Need for user-centered sources

Academic tasks require interaction with original sources and re-
searchers consistently verified information directly from these
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sources rather than relying solely on the LLM tool. Participants
experienced several barriers during source verification: technical
barriers, such as links leading to incorrect pages or responses listing
more references than actually used; information accuracy barriers,
(references that were fabricated or not deemed authoritative); and
trust-related barriers, as responses sometimes cited references that
appeared relevant but were ultimately misleading, breaking the
user’s trust. Even research-specific tools (i.e. ConsensusGPT) failed
to reliably reflect underlying sources by citing sources that, upon
scrutiny, were not relevant.

In academic research, where terminology precision is critical,
generic LLMs often fall short and research has examined alterna-
tives, such as context-based LLMs and using external knowledge. In
both cases researchers reported improved performances [10, 21, 36],
yet studies also showed that even under those conditions LLMs
generated credible but inaccurate responses [10, 21, 30, 59] and un-
reliably summarised information [60], aligning with our findings.

These barriers suggest deeper problems in how LLMs represent
and reference source material, rooted in the design and training
of LLMs and exacerbated by outdated or incomplete training data
- something participants did not seem consciously aware of. This
suggests the need for LLMs aimed at supporting knowledge work to
provide accessible original metadata when referencing sources, in
alignment with Information Foraging Theory [38]. The information
sample would be faithful to the patch, better supporting trust in
the LLM and efficiency, rather than undermining it.

6.2 Better supporting verification

We observed that research tasks were broken down in sub-tasks,
each with its own verification needs, based on task type and domain
knowledge. Our findings align with Shah et al’s model of search
tasks as trees rather than linear [43], where tasks on each level
could belong to any of Bystrom and Jarvelin’s task complexities
[9]. A researcher may follow a defined strategy for assessing the
authenticity of a paper, but may operate on a higher level when
deciding if a paper is worthy of reading. LLMs could follow a re-
searcher from macro-tasks to actions, and adapt how information
seeking and verification are supported. While task structure in-
forms verification needs, our findings highlight the critical role of
user knowledge — specifically domain knowledge, research exper-
tise, and tool expertise - in shaping verification behaviour, as seen
elsewhere [54].

Domain knowledge changes during tasks, especially Q&A ones
[4], but also constantly supports users in acquiring accurate infor-
mation [9]. While it generally aids verification, we observed highly
knowledgeable users noticing nuances, which triggered cognitive
dissonance and sparked verification, whereas researchers new to a
topic often did not verify at all. When users do not have sufficient
domain knowledge, they risk taking responses at ‘face value’. In this
scenario, LLM tools could be designed to encourage and support
verification, and provide explanatory cues for the responses, as
suggested by prior work on Explainable Al [15, 45, 51].

Furthermore, familiarity with the tool itself shaped user ex-
pectations of the quality of its outputs. These expectations align
with Subramonyam et al’s [47] concept of the ‘gulf of envision-
ing’ and Belkin’s Anomalous states of Knowledge [4]: users must
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bridge the cognitive gap between their intention to prompt and its
formulation. Only by possessing sufficient knowledge about the
domain and the tool (its capabilities, training data, and prompting
techniques), can they prompt effectively. This knowledge helps
form an expectation about the response, which users then use to
assess its quality (see P3, ‘T have more than basic information about
the probable answers”).

Finally, research expertise also influences academic verifica-
tion rigour. Although our study did not isolate this factor, prior
research has shown how Information presumed true when first
encountered persists [14] and continues to influence reasoning. For
this reason, LLMs for academics should, by design, provide struc-
tured verification support, especially to new researchers who trust
LLMs for understanding novel concepts and postpone verification
until later - a moment which may never come.

Given these findings, we recommend that LLMs should actively
support users, especially those who are not yet experienced in
research practice, subject matter, or tool usage, by respectively
adapting verification support to the sub-task, encouraging claim
verification and guiding academics on how to use LLM tools re-
sponsibly rather than only reinforcing their limitations [54].

6.3 Combatting the illusion of relevance

Our findings showed that participants had to verify both the au-
thenticity and the relevance of the information provided by LLMs.
Relevance judgement is recognised as a key activity in interactive
information retrieval [8, 52], yet is not as straightforward as it
seems, as the user may not always have a clear idea of their infor-
mation needs, as these often evolve and become clearer during the
search process [4]. In traditional web-based information seeking,
we would have expected to observe complex relevance verification
approaches in Q&A tasks and more nuanced ones in e.g. literature
exploration. However, we observed intense relevance verifications
across all tasks. An explanation can be found in the concept of prag-
matics, where relevance lays the foundation of the conversation
between individuals [46].

As explained in our findings, LLMs created an Illusion of Rele-
vance in their responses, reinforced by an authoritative confident
tone and by the tendency to rephrase the user’s prompt in the
first paragraph. At first glance, this behaviour mirrors the human
conversational strategy of restating a question to confirm under-
standing. As Thomas et al. pointed out, the Cooperative Principle
in Grice’s Pragmatics suggests that effective conversation relies
on participants making contributions that are appropriate to the
purpose and direction of the exchange [18, 48].

When LLMs repeat the prompt in their first paragraph, they
appear to follow Grice’s principle and maxims of Relation (stay-
ing relevant) and Manner (being clear). However, this behaviour
in LLMs breaks down when they restate the prompt at the begin-
ning of the response: in human conversation, this has the intention
of ensuring that the interpretation of the question is accurate be-
fore proceeding, and implies two important assumptions: first, the
speaker is offering the listener the opportunity to correct them, and
second, the speaker successive utterance would be in alignment
to their understanding. LLMs violate both assumptions. They do
not allow for real-time correction and their follow-up content often
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diverges from the apparent understanding they signalled. This can
confuse users and undermine trust.

Perhaps unsurprisingly, participants developed preventive strate-
gies, like ignoring the first paragraph (P4), and initiating a new chat
in an attempt to regain control of the consistency of the conversa-
tion (P10, P11). They did this out of concern that the LLM would
start confusing prompts and lose focus. Essentially, participants
were trying to mitigate for the LLM’s conversation shortcomings
and lack of transparency.

6.4 Prompting the prompters

Our participants varied in tool expertise, from occasional users to
highly knowledgeable researchers working in the Al field. By de-
sign, in our study all participants had prior experience with LLMs.
Some aspects of the opacity of LLM tools surfaced through the
observations - related to prompting strategies, tool settings and
the impact of training data versus online retrieval and context
window limitations. Prompting difficulties deserve particular atten-
tion, since they are at the heart of task formulation; in our study,
prompts often generated unsatisfactory responses that triggered
lengthy verification approaches. As designing LLMs for underspec-
ified prompts is a fragile approach [58], it may be more fruitful to
design tools that support users in prompt construction (e.g. [53]).

6.5 Reflections on the naturalistic approach

The think-aloud protocol elicited participants’ thoughts and sur-
faced the slow and fast thinking theorised by Kahneman [24], but
also demonstrated seamless transition between the two [13], based
on sub-task relevance and cognitive dissonance triggered. With the
think-aloud method, the majority of fast thinking decisions not to
verify were invisible to the researcher. Only more conscious, stated
decisions to verify (or not) were observable. Future research could
investigate thought processing when verifying LLM responses and
how cognitive dissonance arises (see for e.g. [23]).

Due to the naturalistic nature of the study, some participants
experienced unexpected events during the session, introduced ei-
ther by design (choice between answers, new functionality like
generating charts) or by programming error (e.g. links in Consen-
susGPT intermittently broken). Users had to alter their process to
adapt to the event. On the one hand, this provided an opportunity
to observe users’ recovery strategies. On the other hand, this may
have meant that their verification strategies were altered due to
tool unpredictability (e.g. with P2, P5, P7). As an example, P7 had to
choose between two possible responses provided by ConsensusGPT.
Both were, in fact empty responses, since the custom GPT expected
to be granted permission to retrieve each response from Consensus.
P7 randomly selected a response, and then granted the permission.

6.6 Design implications and future research

Based on our findings, we propose several implications for the
design of future LLMs, especially for academic use. Future con-
versational LLM systems for information retrieval must provide a
faithful representation of authentic sources — a description aligned
to the paper content, rather than to the prompt, and reliable data
sources, as comprehensive research already suggests [59].

Their design should also return agency to users, by promoting
a clearer distinction between the accountability and ownership
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of system retrieval versus user retrieval. As Bates [2] argues, the
role of user and system in information retrieval should be a design
choice: LLMs should be designed with how information retrieval is
facilitated by the system and how information seeking is conducted
by the user in mind. LLM design currently blurs the line between
the role of the human versus the role of the LLM in interactive
information retrieval, and can leave the user confused or conflicted
- between high perceived usefulness and low trust.

Designers could consider introducing explicit alignment steps for
addressing non-relevant responses, through a tighter feedback loop
built into the interactive conversation. This loop could support users
in providing and LLM systems in incorporating useful relevance
feedback - already an established information retrieval technique
[8]. Similarly, LLMs could provide greater transparency about which
parts of responses are based on parametric information (from the
training dataset) versus retrieved information (from the Web).

Finally, our study surfaced aspects of the interaction that de-
serve further investigation: the intersection of domain knowledge,
research expertise and tool understanding plays a key role in the
decision to verify information in LLMs, as seen in traditional infor-
mation behaviour literature [16]. Further research could consider
how each of these factors interplay with the others when interact-
ing with opaque systems and responses. In this regard, we observed
unconscious misconceptions about how LLMs operate, skewing
interactions even in LLM expert users. Research could investigate
further how the conversational interaction may influence those
misconceptions, beyond anthropomorphism.

7 Conclusion

Our naturalistic study highlighted a critical tension in academic
information seeking with LLMs: the need to rely on original sources
versus the limitations of current LLMs in supporting users in doing
so. To investigate this tension, our study examined how researchers
engaged with LLMs during academic information-seeking tasks,
focusing on their verification behaviours and trust in the responses.
Two key aspects of verification were examined: (1) factors that influ-
enced their decision on whether or not to verify — such as perceived
accuracy of the response relative to the user’s domain knowledge,
and overall trust in the LLM tool and (2) their verification strategies
— which included consulting original sources, comparing prompt
to response and assessing authenticity and authority.

Our findings illustrate that transparent source selection, im-
proved source faithfulness, accurate alignment between responses
and their sources and support for verification and prompting are
not merely desirable technical enhancements, but essential design
requirements. To usefully support academic workflows, LLMs must
rely on accurate representation of sources through a corpus of infor-
mation, enabling users to make informed decisions about whether
or not to pursue further exploration. Furthermore, conversational
information-seeking tools should engage in a meaningful exchange
by empowering and supporting users to articulate their information
needs and verify that the information provided is meeting them,
rather than making assumptions about the user’s intent and making
it difficult to verify their outputs. Only by addressing these limita-
tions can LLMs evolve from the current tools that risk undermining
scholarly rigour to trustworthy partners in academic research.
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