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Abstract. Conversational Al is increasingly complementing search en-
gines as a tool for information seeking, including in sensitive domains
such as healthcare. Yet, how this new information-seeking dynamic is
characterised remains poorly understood. This study surveyed 270 par-
ticipants to examine how users integrate LLMs alongside search en-
gines, their satisfaction with Al-generated answers in general versus
health-related searches, the health topics most often searched through
LLMs, and how demographic characteristics shape these behaviours. Re-
sults show that, although increasingly adopted, LLMs remain secondary
to search engines and are used even less frequently for health-related
queries, reflecting greater caution with sensitive information. Satisfaction
with Al-generated answers is moderate overall but significantly lower in
health contexts, and searches concentrate on diseases, exercise, treat-
ments, and mental health rather than institutional aspects of care. De-
mographic influences are limited overall. These findings position LLMs
as a cautious complement rather than a substitute in health information-
seeking, underscoring the need for systems that better support reliable,
transparent, and context-sensitive use, particularly where validation and
trust are critical.
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1 Introduction

The growing availability of health information online has broadened access to
knowledge once confined to healthcare professionals, helping to reduce infor-
mation disparities [I7]. In 2025, 60% of individuals in the European Union
searched for health information online, a proportion that has risen steadily since
2015 [9I10]. Traditionally, this process relied on keyword-based queries requiring
users to evaluate and synthesise information across multiple sources [30], a task
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closely tied to how users judge the credibility of what they find [27]. LLMs are
reshaping this landscape: rather than returning ranked lists of links, they gener-
ate direct, conversational, and contextualised responses [I2II3], occupying a role
distinct from, yet complementary to, traditional search engines [4128].

In the health domain, this shift carries particular weight: the sensitive, high-
stakes nature of health decisions makes questions of accuracy, overreliance [23],
and source credibility especially pressing [21]. Yet little is known about how users
actually integrate LLMs into their health information-seeking (HIS) process, and
how this compares with their broader search habits. This study addresses that
gap by examining how users integrate LLMs into general and health-related
information-seeking and which stages of the search process they support, which
health topics are most frequently searched through LLMs and how satisfied users
are with the responses obtained, and how demographic characteristics — gender,
age, education, field of study and work, and chronic illness status — shape these
behaviours and perceptions. To address these aims, we surveyed 270 respondents
who reported using LLMs for health-related searches.

2 The use of LLMs for Health Information-Seeking

From an information behaviour perspective, HIS involves identifying informa-
tion needs, selecting appropriate sources, and evaluating retrieved information
[14130]. The growing adoption of Large Language Models (LLMs) introduces new
dynamics into this process, particularly regarding the credibility assessment of
Al-generated content [20].

Despite the increasing visibility of LLMs, search engines and health-related
websites remain the main sources of online health information [31J32]. Rather
than replacing existing practices, LLMs appear to play a complementary role
[19/22], being used to obtain immediate guidance, clarify complex concepts, and
address informational needs outside conventional healthcare hours [8/19], with
personal health queries increasing markedly during evening and nighttime hours,
when traditional healthcare is least accessible [0]. Users particularly value their
conversational interfaces and ability to translate medical knowledge into acces-
sible language, thereby supporting health literacy [2/3].

Compared with traditional search engines, LLMs are perceived as faster and
more practical for tasks requiring synthesis, interpretation, and advice [4l28].
However, evidence suggests that users integrate these tools into broader search
routines rather than relying on them in isolation [26]. The choice between search
engines and LLMs depends on contextual factors such as the seriousness of the
health issue and prior experience [26]. Cross-checking behaviours remain limited,
however: only a minority of users verify information obtained from LLM-based
chatbots, with most preferring to consult healthcare professionals over Al tools
when validating health information [32].

The growing use of LLMs in health contexts also raises concerns. Their ten-
dency to generate plausible but inaccurate information [I], combined with users’
difficulties in assessing the credibility of Al-generated content [I5I25], may en-
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courage overreliance and uncritical adoption. Although demographic differences
in LLM use have been observed [4], their influence on HIS behaviours remains
insufficiently understood.

3 Methodology

The study addresses the following research questions:

RQ1: How do users integrate LLMs into general information-seeking prac-
tices?

RQ2: How do users integrate LLMs into health information-seeking?

RQ3: How do demographic characteristics — gender, age, education level,
field of study and work, and the existence of a diagnosed chronic illness —
influence LLM adoption and behaviours in general and health information-
seeking?

3.1 Questionnaire Design and Dissemination

Data were collected through an online questionnaire, developed iteratively and
refined through cognitive debriefing [29]. The study was approved by the Uni-
versity of Porto’s Data Protection Unit.

The questionnaire consisted predominantly of closed-ended questions using
Likert-type scales, complemented by a final open-ended question on participants’
experiences with LLMs in HIS. It comprised four sections covering informed
consent, demographic information, general information-seeking practices, and
health-related information-seeking. The full questionnaire is available in the re-
search data repository [18].

Conditional logic ensured that only relevant questions were displayed, with
participants who reported never using LLMs for general or health-related searches
being directed to the end of the questionnaire.

The categories used in the study and work field questions were based on
the Classification of Fields of Science and Technology (FOS) [7] and the Na-
tional Classification of Education and Training Areas (CNAEF) [6], respectively.
Health topics were adapted from earlier HIS research [11].

Before dissemination, the questionnaire underwent cognitive debriefing with
four participants aged between 28 and 38 years, leading to minor revisions, in-
cluding the addition of an “Arts and Design” option in the study field question.

The questionnaire was available in Portuguese and English between Septem-
ber 16 and 30, 2025, and was disseminated through social media, institutional
email, and QR-code leaflets, with the institutional (university) channel yielding
the largest share of responses.

3.2 Data Analysis

Data analysis combined data preparation, quantitative statistical analysis, and
qualitative content analysis. A total of 408 responses were collected, of which
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three were excluded due to the absence of informed consent. As the study com-
pares general and health-related LLM use, analyses were restricted to partici-
pants who reported using LLMs for HIS. Two additional responses were excluded
due to inconsistencies in self-reported health-related LLM use, resulting in a final
sample of 270 participants.

Open-ended responses provided under the “Other” option in the study field,
work field, and LLM use questions were normalised and reclassified whenever
they corresponded to existing categories.

Quantitative analysis began with descriptive statistics to characterise the
sample and patterns of LLM use. Cross-tabulations examined associations be-
tween demographic variables (gender, age, education, study field, and chronic
illness) and the main study variables, including frequency of use, satisfaction
with Al-generated responses, integration of LLMs across search stages, health
topics searched, and reported experiences. Work field was excluded from these
cross-tabulations, as 58.52% of participants selected “ N/A” for this item — reflect-
ing that most respondents were university students not yet in active employment
— which precluded meaningful comparisons across professional categories.

Associations between categorical variables were assessed using the Chi-square
test, with Cramer’s V' as a measure of effect size. Statistical significance was set
at p < .05, without correction for multiple comparisons, given the exploratory
nature of the analysis. Differences between general and health-related searches in
frequency of use and satisfaction were examined using the Wilcoxon signed-rank
test.

Participants were also invited to describe a positive or negative experience
using LLMs for HIS, yielding 38 short textual responses. These were analysed
through qualitative content analysis [24], informed by sentiment analysis princi-
ples [16]. An inductive coding process yielded four categories (positive, negative,
mixed, and neutral), which were manually assigned according to explicit criteria
based on participants’ evaluations of usefulness, trustworthiness, and accuracy.
Given the reduced sample size (n = 38), demographic cross-tabulations of these
categories were not conducted to avoid overinterpreting potentially unstable as-
sociations.

4 Results

This section characterises the sample and reports usage patterns, satisfaction
with Al-generated responses, and the influence of demographic characteristics
on LLM use for HIS.

4.1 Participants’ Characterisation

The sample was predominantly female (66.7%) and young, with 67.78% of par-
ticipants aged 18-24. Most respondents had completed higher education (62.3%)
and reported no diagnosed chronic illness (78.9%). Participants represented di-
verse academic backgrounds, particularly Health Sciences (17.4%) and Social
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Sciences (16.3%). More than half (58.5%) reported no work field, reflecting the
high proportion of university students in the sample. Full demographic data are
available in the research data repository [I§].

4.2 LLMs in Users’ Information-Seeking

The following sections compare LLM use in general and health-related searches,
focusing on frequency of use, integration into the search process, and satisfaction
with Al-generated responses.

Frequency of LLM Use Across General and Health Contexts To contex-
tualise LLM use in HIS, general search habits were first examined. Search engines
are used more frequently, with almost all participants (91.9%) reporting using
them three or more times per week, compared with 51.5% for LLMs. Although
widely adopted, LLMs are therefore not yet used as intensively as traditional
search engines.

A different pattern emerges for health-related searches, which are concen-
trated at lower frequencies, with most participants reporting monthly use and
only a small proportion indicating frequent engagement. This difference is statis-
tically significant: the Wilcoxon Signed-Rank test shows that LLMs are used less
frequently for health searches than for general searches (Z = —12.51, p < .001).

Cross-tabulation analyses indicate that LLM use frequency remains broadly
consistent across demographic groups. Although descriptive trends suggest slightly
higher use among younger participants, individuals with higher education levels,
and those in Engineering and Medical Sciences, these differences are not sta-
tistically significant, as indicated by the Chi-square tests and low Cramer’s V'
values.

LLMs Used for Information-Seeking Participants reported using different
LLMs for general information-seeking, with ChatGPT-only use being the most
common configuration (28.1%). The remaining participants typically combined
multiple systems (M = 2.21, SD = 1.13), most frequently ChatGPT with Google
Gemini (14.8%), Microsoft Copilot (7.8%), or both (10.7%), while ChatGPT and
DeepSeek accounted for 7.0% of responses. Less frequent configurations (31.6%)
were grouped under “Other combinations” to ensure adequate expected cell fre-
quencies in the association tests. No significant associations were found between
LLM combinations and demographic variables (p > .05).

When Are LLMs Used for Information-Seeking? Figure [1| shows the
relative frequency of LLM use at each search stage. Median usage was 3 (“Some-
times”) for all four stages, but mean usage differed: clarifying or deepening in-
formation retrieved through the search engine showed the highest average use
(M = 3.25, SD = 1.11), followed by use as a fallback when the search engine
proved insufficient (M = 3.15, SD = 1.15) and exploratory use before starting
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the search (M = 3.01, SD = 1.15). Use to compare or validate information found
through the search engine was the least frequent (M = 2.75, SD = 1.22), with
the highest proportion of “Never” responses among the four stages (18.5%).

12,2%

Before starting the research, to explore the intended topic and get an overview of it 23.3%
35,6%

While analysing the results returned by the search engine, to clarify doubts or delve 16.7%

o
deeper into topics not clarified through the search engine ﬂ 35.9%
11,1%

While analysing the results returned by the search engine, to compare or validate 27,0%

22,6%
information found in the search engines — % 1a%
7.4%
When the search engine does not provide satisfactory answers — 20,3%
24,8%
14,4%

0% 59 10% 159 209 25% 309 35% 40%

Never (0 out of 10 times) Rarely (2 out of 10times) ~ mSometimes (5outof 10times) W Frequently (8 outof 10times) W Always (10 out of 10 times)

Fig. 1. Frequency (%) of LLM use across information-seeking stages in general searches
(N=270)

Age and education were associated with exploratory use, with participants
aged 25—44 and those with higher education reporting greater engagement. Val-
idation behaviour varied according to gender and chronic illness status, while
the fallback stage showed some variation by age and education. No significant
associations were found for study field.

Health Topics Searched in LLMs Table [I] presents the statistically signifi-
cant associations between demographic characteristics and health topics searched
through LLMs. Although several associations were identified, effect sizes were
generally small to moderate (Cramer’s V' = 0.16-0.26).

Most health topics were searched infrequently, with responses concentrated
in the categories “Never” and “Once a month or less”. Searches were more com-
mon for specific diseases or medical conditions, exercise, medical treatments,
and mental health issues, whereas long-term care, end-of-life decisions, health
insurance, and pregnancy were rarely explored through LLMs.

Age was associated with searches related to hospitals, environmental risks,
memory loss, medical test results, and chronic pain, with younger participants
generally reporting lower engagement. Higher education and health-related study
fields were associated with more frequent searches concerning medications and
medical test results.

Participants with chronic illnesses reported higher engagement with searches
concerning specific conditions, medications, exercise, and experimental treat-
ments, while no significant associations were found for gender.
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Table 1. Statistically significant associations between demographic variables and fre-

quency of health information-seeking via LLMs (N = 270)

Health topic X2 (df) p-value Cramer’sV
Age group Hospitals 31.61 (16) 0.01 0.17
Environmental risks  26.44 (16)  0.05 0.16
Memory loss 31.52 (16) 0.01 0.17
Medical results 49.63 (16) < 0.001 0.21
Chronic pain 26.94 (16) 0.04 0.16
Education Medications 23.66 (12) 0.02 0.17
Medical results 34.45 (12) < 0.001 0.21
Study field Specific conditions 44.64 (28) 0.02 0.20
Medications 45.28 (28) 0.02 0.21
Medical results 44.82 (28) 0.02 0.20
Chronic illness  Specific conditions 12.88 (4)  0.01 0.22
Exercise 11.21 (4)  0.02 0.20
Medications 14.66 (4)  0.001 0.23
Exp. treatments 11.18 (4) 0.03 0.20
Pregnancy 17.79 (4) < 0.01 0.26

4.3 Satisfaction with Al-generated Answers

Figure [2] shows that satisfaction with LLM responses is moderate in both gen-
eral and health contexts, with responses concentrated in the “Sometimes” cat-
egory. Satisfaction is, however, lower for health-related searches, which show a
greater proportion of “Rarely” responses. This difference is statistically signifi-

cant (Z =

Aways 10wt 0umes) |

—3.84, p < .001).

28.5%

e P

Sometimes

Rarely 2 ot o e | 15,1%

4,8%
Never (0outof 10times) - Py %C.

o 5 108

Satisfaction with health-information LLM answers (%)

35,9%

oo O s | 5.7’

27.8%

15 20 25 30 35 40

m Satisfaction with general LLM answers (%)

Som

Aways (10 outof 10 times) | NS 1.1

Rarely 2outof 10 tmes) | .+

Never (Ooutof 10times) [N 41%

0%

= Consultation of traditional results in addition to Al-generated answers (

10%

15%

20%  25%

30%

)

35%

40%

Fig. 2. Frequency of satisfaction with AI- Fig. 3. Frequency of consulting traditional
generated answers in general and health- web results after Al overviews in general
related LLM searches (N=270)

searches (N=270)
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Figure [3] presents users’ behaviour after consulting Al-generated overviews
in search engines. Although responses are similarly concentrated in the “Some-
times” category, participants frequently consult traditional web results, suggest-
ing that Al-generated summaries do not always fully satisfy users’ information
needs.

Few demographic differences were observed. Significant associations emerged
only for age in general LLM searches (x? = 27.02, df = 16, p = .041, V = .16),
with younger participants reporting higher satisfaction. No significant associa-
tions were found for health-related searches or Al-generated overviews.

Participants’ Reported Experiences with LLMs for HIS Thirty-eight
participants described positive or negative experiences using LLMs for HIS. Re-
ported experiences concerned the interpretation of medical information, deci-
sion support, healthcare guidance, emotional reassurance, and health-related
planning. Responses were predominantly positive (57.9%), followed by neutral
(26.3%), while negative (10.5%) and mixed (5.3%) experiences were less frequent.

5 Discussion

LLMSs are increasingly incorporated into users’ information-seeking practices but
remain secondary and complementary to traditional search engines, particularly
for health-related searches, where use is less frequent — suggesting greater caution
with sensitive information (RQ1, RQ2). Across both contexts, LLMs are used
mainly for exploratory, interpretative, and fallback purposes — initial overviews,
clarifying complex results, or compensating for insufficient search engine results —
rather than for validating information already found, with validation consistently
the least common use across the search process, consistent with concerns in the
literature about users’ difficulty critically assessing Al-generated content [I5125].
The prevalence of multi-platform use may itself function as an informal validation
strategy, with users cross-checking outputs across systems rather than relying on
a single model — a behaviour not previously captured in the literature reviewed.
Satisfaction with Al-generated answers is moderate overall but significantly
lower for health-related searches, consistent with prior work on the risks of Al-
generated information in sensitive domains [TJ2J3/T5]. A similar pattern emerges
for Al-generated overviews in search engines: participants frequently revert to
traditional web results afterwards, suggesting these summaries act as an initial
layer requiring further validation rather than a substitute for standard search.
Health-related searches through LLMs concentrate on diseases, exercise, treat-
ments, and mental health, while institutional topics (hospitals, insurance, end-
of-life decisions) are rarely explored — indicating that LLMs are used mainly
to interpret personal health situations rather than to navigate healthcare sys-
tems, in line with [5]. This is reinforced by the qualitative findings: reported
experiences are predominantly positive and align with the quantitative satisfac-
tion results. Demographic factors (RQ3) show a generally limited effect, with
most associations non-significant or of small effect size; the exceptions — age,
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education, study field, and chronic-illness status — align with expected patterns
(e.g., health-related respondents or chronically ill participants engaging more
with specific topics). Given the sample’s concentration in younger, highly edu-
cated participants, and the likely confounding between age and education level
— since younger participants are more often still completing their studies — these
associations should be interpreted with caution rather than generalised to the
wider population. Overall, findings suggest LLMs are embedded in HIS practices
but used cautiously and as a complement, shaped by topic sensitivity, perceived
reliability, and the persistent need for external validation.

6 Conclusions

This study examined how users integrate LLMs into general and health-related
information-seeking. LLMs are increasingly adopted but remain complementary
to search engines, particularly in health contexts, where use is more cautious,
exploratory, and focused on diseases, exercise, treatments, and mental health,
rather than navigating healthcare systems. Satisfaction is moderate and sig-
nificantly lower for health searches, reinforced by users’ frequent reliance on
traditional web results after Al overviews.

These patterns point to clear limits on the current utility of LLMs in the
health domain. Institutional or systemic aspects of care — hospitals, insurance,
long-term care, end-of-life decisions — are rarely explored, which suggests LLMs
currently support personal sense-making of health information rather than more
consequential, system-level health decisions. The lower satisfaction observed in
health searches, together with users’ frequent fallback on traditional sources
after general LLM use, further suggests that users do not yet regard LLM-
generated content, health-related or otherwise, as sufficiently reliable to forgo
external validation.

The influence of demographic characteristics is limited overall, though age,
education, study field, and chronic-illness status show some associations. These
findings should nonetheless be interpreted with caution: although dissemination
combined social media, physical leaflets, and institutional channels, the survey’s
reach was disproportionately driven by university-affiliated channels, which likely
explains the sample’s skew toward young, highly educated participants with a
low prevalence of chronic illness. This convenience-sampling effect constrains the
generalisability of the reported associations to the wider population.

Future work will explore users’ motivations, prompt (re)formulation strate-
gies, and validation/trust practices in more depth, ideally through behavioural
or log-based data. Replicating this study with a more demographically balanced
— particularly age-stratified — sample would help assess the generalisability of
these findings, and longitudinal designs could track how usage evolves as LLM
technologies advance.
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