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Abstract

The rapid adoption of generative artificial intelligence (Al) systems has transformed health
information seeking, raising questions about their role as intermediaries in non-professional
health self-consultation. This study compares Google Search and ChatGPT as paradig-
matic models of algorithmic mediation of health information, focusing on accuracy, biases,
information quality and potential harms. A scoping review was conducted following
the PRISMA-ScR framework. Empirical studies published between 2023 and 2025 were
retrieved from PubMed/MEDLINE, Web of Science (WoS) and Scopus. After screening
and eligibility assessment, 63 original empirical studies were included. The results indicate
that ChatGPT consistently outperforms Google Search in terms of factual accuracy and
information quality, achieving moderate to high DISCERN scores (4-5 out of 5) and show-
ing moderate to strong correlations with expert clinical evaluations. Users also tend to
value ChatGPT responses positively due to their clarity, coherence and perceived empathy.
However, these advantages coexist with significant structural limitations. Hallucinations
are reported in an estimated 31-45% of references, source provenance remains opaque,
linguistic complexity is high, and actionability is limited, with only around 40% of re-
sponses providing clearly actionable guidance. In contrast, Google Search offers greater
source traceability and verifiability, but at the cost of fragmented information and higher
exposure to commercial content. The review identifies critical research gaps related to
behavioural impacts, critical health literacy, equity of access, professional integration and
vulnerable contexts. Overall, the findings highlight the need for hybrid human-Al models,
professional mediation and critical Al literacy to ensure safe, equitable and trustworthy
use of generative Al in public health communication.

Keywords: health self-consultation; generative artificial intelligence; ChatGPT; google
search; health information seeking; algorithmic intermediation; misinformation and
bias; actionability

1. Introduction and Research Context

From “Dr Google” to “Dr ChatGPT”. In these turbulent times of intense digitalisation,
paradigm shifts and technological innovations that characterise the third millennium,
health-related content has become an exceptional barometer of the population’s information
consumption preferences and habits and, more specifically, of the ways in which medical
knowledge is sought, interpreted and used.
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In Europe, online searching for health information has become an established practice.
More than half of the population aged between 16 and 74 were already consulting health-
related content in 2020, a figure that rose to 63% of internet users in 2024, placing this activity
among the most frequent digital uses, alongside news consumption and interpersonal
communication [1]. The global COVID-19 pandemic intensified this trend and brought
to the fore the risks of an infodemic, understood as an “overabundance of information
(accurate or not) that makes it difficult to access reliable sources and clear guidance” [2]
by exposing citizens to an unprecedented volume of content ranging from information
produced by official bodies to inaccurate, manipulated or outright false materials [3].

In this scenario, the algorithmic systems that mediate access to information ac-
quire critical relevance, in a context marked by the erosion of trust in traditional
institutions—governments, companies, media and NGOs—to meet the population’s health
needs [4], and by the challenges that the automation of information flows poses for ver-
ification, transparency and public trust [5]. These tensions are particularly salient in the
health domain, where the reliability of information affects not only the cognitive sphere
but may also have direct consequences for individual well-being, patient safety and trust
in health systems.

Over recent decades, health self-consultation has been articulated primarily through
search engines such as Google Search, which direct users to institutional websites, commer-
cial content or materials generated by other patients. This model fragments information
across multiple links and delegates to users the task of comparing sources, assessing credi-
bility and constructing their own interpretations, with associated risks such as exposure to
misinformation. The recent emergence of large language models (LLMs) and generative
artificial intelligence systems, such as ChatGPT, introduces a structural change: rather
than offering lists of results, these systems generate direct, synthesised and seemingly
personalised responses based on large volumes of text. This transition reconfigures the
search experience and raises questions about how traditional search engines and generative
Al tools compare, in terms of accuracy, biases, information quality and potential risks,
when used for non-professional health self-consultation.

1.1. Algorithmic Intermediaries

Within the processes of information mediation that characterise digital environments,
search engines such as Google have historically functioned as preferred intermediaries
between users and a heterogeneous ecosystem of health-related information sources. In this
model, responsibility for assessing the credibility, relevance and applicability of information
rests largely with the user, while ranking algorithms prioritise criteria such as popularity,
search engine optimisation or interaction over scientific rigour, in line with the dynamics
described in the context of eHealth and Medicine 2.0 [6].

This form of algorithmic intermediation may give rise to phenomena such as cyber-
chondria, understood as the unfounded escalation of concerns about common symptoms
resulting from progressive exposure to content about severe or rare diseases, with persis-
tent effects on users” anxiety [7]. From the perspective of digital health literacy (eHealth
literacy), the search for health information has been conceptualised as a practice that re-
quires comparing sources, recognising institutional authority and managing informational
uncertainty—competences that are central to mitigating the risks derived from exposure to
fragmented information or content of uneven quality.

The emergence of large language models and generative artificial intelligence systems
introduces a significant shift in these processes of intermediation. Conversational tools
such as ChatGPT represent a transition from a logic of link retrieval to the provision of
direct, synthesised and seemingly personalised responses, partially displacing the burden
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of selection and synthesis from the user to the system. In the health domain, this transfor-
mation raises questions regarding the factual accuracy of generated responses, the extent
to which they reproduce or amplify biases present in training data, and the implications of
algorithmic opacity and the lack of source traceability in contexts of health self-consultation.

As Hersh [8] notes, generative models are not designed to respond adequately to all
types of health-related information needs, particularly those that require authority, source
traceability and constant updating. In contexts of health self-consultation, these limitations
are far from negligible: users do not merely seek an answer, but also the ability to evaluate
who is making a claim, on what evidence and in which context. However, according to
Hersh, systems based on large language models carry the risk of offering closed responses,
with incomplete or non-existent references, which may hinder critical evaluation on the
part of patients or citizens.

1.2. The “Synthetic Tsunami” Unleashed by Generative Al

The accelerated adoption of generative artificial intelligence systems has contributed
to what some authors have described as a “synthetic tsunami”, characterised by the massive
proliferation of algorithmically generated content across the digital ecosystem [9]. However,
this expansion has not been accompanied by a solid scientific or regulatory consensus
regarding the reliability, biases and potential risks associated with the use of these systems
as sources of medical information by individuals without specialised training [10].

As outlined at the outset of this article, public and media debate has tended to frame
a simplified dichotomy between “Dr Google” and “Dr ChatGPT”. Existing research re-
mains fragmented across experimental studies on diagnostic accuracy, analyses of specific
cases, user perception surveys, and technical or institutional assessments, dispersed across
disciplines and often located outside traditional academic publishing channels. To date,
there are still relatively few studies that critically compare both models of access to health
information from a comprehensive perspective, which justifies the need to systematically
map the current state of knowledge on accuracy, biases, information quality and potential
harms associated with the use of traditional search engines and generative Al systems in
non-professional health self-consultation contexts.

Although studies such as that by Choi and Ahn [11] emphasise the cognitive and
contextual challenges faced by health information seekers on the web, they have been de-
veloped within the context of traditional search engine results. The emergence of generative
models introduces new dynamics of interaction and trust that require these conclusions
to be re-evaluated from the perspectives of intelligibility, attribution of authority and the
management of uncertainty in automated responses.

In this context, the present study undertakes a scoping review of the scientific literature
published between 2023 and 2025, focusing on empirical studies that analyse Google Search
and ChatGPT as health information intermediaries. The aim is to synthesise the available
evidence on their accuracy, biases, information quality and potential risks, as well as to
identify research gaps and emerging challenges for public health communication in an
environment increasingly mediated by generative Al systems.

1.3. Research Questions and Study Objectives

In light of the challenges identified in the algorithmic intermediation of health infor-
mation, this study is structured around two main research questions:

RQ1. What empirical evidence (2023-2025) documents the differences between Google
Search and ChatGPT in non-professional health self-consultation contexts with regard to
accuracy/information quality, biases/hallucinations, and readability /actionability?

https:/ /doi.org/10.3390/informatics13030041


https://doi.org/10.3390/informatics13030041

Informatics 2026, 13, 41

4of 16

RQ2. What research gaps and opportunities emerge from the comparative analysis of
both systems from a public health communication perspective?

Accordingly, the primary objective of this study is to systematically map the recent
empirical literature (2023-2025) comparing Google Search and ChatGPT as health informa-
tion intermediaries, synthesising evidence on their accuracy, biases, information quality
and potential risks in non-professional self-consultation. In this vein, the specific objectives
are to:

SO1 characterise the methodological approaches, clinical specialties and analytical
dimensions of the included studies

SO2 identify patterns in accuracy, biases and readability, as well as their impact on
user trust and decision-making

SO3 detect research gaps and propose priority directions for future research in Al-
mediated health communication.

2. Methodology
2.1. Selection of Analysed Tools and Consulted Databases

Although a variety of generative artificial intelligence models and systems are cur-
rently available—such as Gemini, Perplexity, Claude or DeepSeek—the available empirical
scientific literature has overwhelmingly focused on the analysis of ChatGPT. This is largely
due to its early availability, ease of access and widespread adoption by the general popu-
lation since its launch [12-15]. In parallel, Google maintains a clearly dominant position
within the information search ecosystem, operating de facto as the hegemonic search engine
at a global scale.

In line with this context, the present review is limited to studies that compare both sys-
tems within the domain of health information searching, with the aim of ensuring empirical
relevance, comparability of results and social applicability. With regard to data sources,
PubMed /MEDLINE was prioritised due to its focus on public health, health literacy and
patient behaviour, alongside Scopus and Web of Science (WoS) for its interdisciplinary
coverage across the fields of technology, health and communication.

2.2. Inclusion and Exclusion Criteria and Search Strategy

The temporal delimitation of the corpus was strictly restricted to scientific output
published between 2023 and 2025, a period that coincides with the widespread public
access to ChatGPT following its official launch [16]. This temporal boundary ensures a
focus on studies conducted in a context of effective co-existence between traditional search
engines and conversational generative Al systems, while excluding earlier research that
does not address this specific interaction.

The final sample comprised exclusively original empirical studies published in the
standard IMRaD format—Introduction, Methods, Results and Discussion—[17], system-
atically excluding other academic and journalistic formats such as doctoral theses, expert
commentaries, editorials, narrative reviews, institutional reports and conference proceed-
ings. Duplicate records were also removed, as were those whose research objectives did not
align directly with the comparative analysis of Google Search and ChatGPT in the health
information domain (Table 1).
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Table 1. Inclusion and exclusion criteria.

Criterion

Inclusion Criteria

Exclusion Criteria

Publication period
Document type
Language
Central topic

Methodological
design
Population or
context

Articles published between 2023 and 2025
Original empirical articles in IMRaD format

English, Spanish, Portuguese
Explicit comparison between Google Search

Publications prior to 2023

reviews, conference proceedings
Other languages
Studies focusing on a single system;

Commentaries, editorials, theses, narrative

and ChatGPT in health information seeking  non-health contexts (education, business, etc.)
Experimental, observational and comparative Theoretical articles or opinion pieces without

studies, and surveys with original data
Non-professional health self-consultation

empirical data

Exclusively professional use or assisted

(patients and general public) clinical contexts

The definition and iterative refinement of the search equations were carried out be-
tween 4 and 6 December 2025 and 12 February 2026, during which multiple combinations
of terms were tested in order to optimise sensitivity and specificity. Once the final search
strings had been consolidated, the systematic search was conducted between 6 and 9
December 2025 in both Scopus and PubMed /MEDLINE, and between 13 and 15 Febru-
ary at WoS, with the aim of ensuring comprehensive retrieval of the relevant literature
available at that time. The full electronic search strategy for Scopus/WoS is provided in
Supplementary File S1.

2.3. Study Selection Procedure

The review initially identified 72 records that met the preliminary characteristics for
inclusion in the corpus. Following the screening of titles, abstracts and keywords, the
exclusion criteria were applied, resulting in a final sample of 63 documents for analysis.
Figure 1 presents the study selection process developed in accordance with the PRISMA-ScR

methodology, as well as the elements considered in the analytical process.

Flowchart used in the systematic review on the use of Chat
GPT for patient health literacy

Articles found in the Scopus, WoS and PubMed databases (2023—
2025) that include the following search equation:

TITLE-ABS-KEY/TOPIC ("ChatGPT" OR "GPT—-4" OR "Generative
AI" OR "Large Language Model*" OR "Al
chatbot*" OR "Conversational AI" OR "Doctor
ChatGPT") AND ("DoctorGoogle" OR "Google search” OR "Web
search” OR "Online health search") AND ("Health
information” OR "Health literacy” OR "Self-diagnosis” OR "Online
health information” OR "Symptom
checker") AND ("Accuracy" OR "Bias" OR "Misinformation” OR
"Quality" OR "Riskperception” OR "Decision-making")
(n=292)

Identification

Deleted documents that are not in IMRaD
(n=48)

Filter by articles in English, Portuguese or
Spanish (n=1)

Other inclusion and exclusion criteria and
duplicate articles (n=174)

Dubious articles that were excluded because

Articles considered after initial reading and removal of duplicates
(n=69)

Articles deemed questionable and referred to the three authors of
the study for arbitration (n=6)

Screening

they were false positives and unrelated to the
research topic, covering only Google Search
OR not including Chat GPT as a comparison

(n=6)

Articles included for final review and in-depth analysis (n=63)

Included

* = The asterisk (*) commonly acts as a wildcard operator in Boolean searches,
replacing several characters at the end or within a term to find variations.

Figure 1. Workflow diagram of the application of the PRISMA-ScR protocol. Source: Authors” own

elaboration based on Bastos et al., Codina and Page et al. [18-20].
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The reading of all documents and their subsequent classification were conducted
independently by two of the authors between 10 and 22 December, and between 13 and 16
February. Full-text selection (1 = 69) was also performed independently by two authors.
Discrepant cases (1 = 6; 8.7%) were resolved through consensus discussion with the third au-
thor, ensuring consistency in the application of the inclusion criteria. A detailed description
of the texts and their characteristics can be found in the Supplementary Materials.

2.4. Data Extraction, Analysis and Validation

The systematisation of variables across the 63 analysed documents was carried out
with technological assistance in order to streamline processing, using the Google Note-
bookLM platform. This artificial intelligence tool is restricted to the content provided by
the researcher and generates responses in accordance with the iteratively refined prompts
supplied to it [21,22].

In line with these working procedures, this phase involved the design of precise
instructions through successive testing until the outputs were aligned with the objectives
of the study. Once the data had been obtained, the information was cross-checked against
the original data extraction table using NVivo software version 1.7.2. In this way, the
most frequently used terms were identified—allowing for the generation of a word cloud
that facilitated the detection of patterns and related concepts—and a technique of idea
and element analysis was applied through a simple text query [23] to highlight the main
reflections or lines of research of interest. The data extraction table for the included studies
is available as Supplementary File S2.

In accordance with international standards [24], the authors ensure that the results
presented in this study, although assisted by NotebookLM pro version, were rigorously
audited and corrected by the researchers, who fully assumed responsibility for the an-
alytical work and the interpretation of the findings. In addition, ChatGPT was used
exclusively for stylistic revision and translation, without contributing to the generation of
scientific knowledge.

3. Results

The analysis of the 63 empirical studies included in this scoping review makes it possi-
ble to identify consistent patterns in the comparison between Google Search and ChatGPT
as health information intermediaries in non-professional self-consultation contexts. The
results are organised into two main analytical blocks: (a) the characteristics of the corpus
and the overall landscape of findings; and (b) the specific challenges and emerging lines of
research identified in the recent literature.

3.1. Characteristics of the Analysed Corpus

The scientific output analysed (Figure 2) is largely concentrated in the most recent
years. Of the total number of included studies (=63), 36 were published in 2025 (57%), 24 in
2024 (38%), and only 3 in 2023 (5%), indicating an accelerated growth of academic interest
in the analysis of generative artificial intelligence systems and traditional search engines in
the health domain.

With regard to medical specialty, the studies are unevenly distributed. Research
focusing on orthopaedics and surgery predominates, with 16 studies (25%). This grouping
reflects a substantial overlap in clinical focus—for example, in areas such as trauma and
joint replacement—and aligns with the way several reviewed articles self-categorised
under general surgery while primarily addressing musculoskeletal conditions. Although
the disciplinary distinction is acknowledged, this decision facilitates comparative synthesis
within the framework of the present review.
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Categorization by health topics
Primary Area of Specialization Number of Studies (n=63)
Orthopedics 16
Oncology 11
General medicine 9
Ear, Nose, and Throat Medicine 7
Other topics 6
Urology 4
Ophtalmology 3
Plastic/Cosmetic Surgery 3
Mental health 2
IHealthcare systems 2

Classification by Year of Research
Year of Publication Number of Studies (n=63)
2025 36
2024 24
2023 3
Classification by Country of Origin of the First Author
Country of Affiliation of First Author Number of Studies (n=63)
United States 38
Australia 5
China 4
Turkey 4
Japan 3
United Kingdom 2
Other nations (Canada, Spain, Israel, .
Italy, Jordan, Malaysia, Singapore)

Figure 2. Characteristics of the texts analysed in the scoping review. Source: Authors” own elaboration.

This is followed by oncology with 11 studies (17%) and general medicine with 9 studies
(14%). The remainder of the corpus is distributed across specialties such as ophthalmology,
urology and health systems studies, among others.

From a geographical perspective, the United States accounts for the largest number
of publications, with 38 studies (60%). A further 18 studies (29%) list first authors with
institutional affiliations in countries such as China, Australia, Tiirkiye, Japan or the United
Kingdom. The remaining corpus corresponds to studies originating from single countries,
including Spain or Italy.

A detailed description of the 63 studies, including authorship, year of publication,
medical specialty and main findings, is provided in full in the Supplementary Materials.

3.2. Comparison Between ChatGPT and Google Search as Health Information Intermediaries
3.2.1. Reliability of Responses and Patient Trust

The studies analyzed conclude that tools based on large language models play a
complementary role in health communication between professionals and patients [25].
From the users’ perspective, responses generated by ChatGPT are positively valued for their
conciseness, discursive coherence and clarity of exposition when compared with traditional
search engines and are even perceived as “clearer and more precise than speaking with a
doctor in person” [26-29].

Several studies indicate that this type of response contributes to generating positive
emotional reactions and to reducing the anxiety associated with seeking health information.
In this regard, Mendel et al. [30] report that users describe interactions with ChatGPT as “more
human than traditional search engines” and “much more personalised”. Likewise, some studies
suggest that these tools may help to reduce information disparities among patients with low
socioeconomic status by offering personalised and easily accessible health guidance [31].
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In terms of factual accuracy, several studies consistently report a higher performance
of GPT-4 compared with Google Search in responding to specific medical queries [32-35].
Using the DISCERN instrument to assess the quality of health information, responses
generated by language models achieved moderate to high quality scores (4-5 out of 5),
consistently outperforming Google Search [36—40].

Specific clinical evaluations reinforce these findings. In the field of breast cancer, a
moderate to strong correlation has been observed between ChatGPT’s assessments and
those conducted by human experts [41]. Similarly, 67.5% of consulted orthopaedic special-
ists reported being “satisfied” or “very satisfied” with the Al-generated descriptions of
femoroacetabular impingement syndrome [42]. On the other hand, in scoliosis surgery, 90%
of Al responses were “excellent” compared to 0% for Google [43].

3.2.2. Biases, Hallucinations and Source Transparency

Despite the positive results in terms of accuracy and user experience, multiple studies
consistently identify hallucinations as one of the main risks associated with the use of Chat-
GPT in health information contexts. For instance, several studies noted that ChatGPT occa-
sionally produced medically implausible terms, for example, as confusing Pembrolizumab
(immunotherapy for cancer) with Palivizumab (an antiviral) which are not recognised
in clinical practice [44] or in the study on radon gas in Spain, ChatGPT invented safety
level regulations (becquerels) that did not exist in current Spanish legislation [45]. These
hallucinations primarily manifest in the generation of fabricated references, in the absence
of evidence or citations without a verifiable real origin [30,46—49].

The reviewed literature attributes this phenomenon to several factors. On the one hand,
to the lack of immediate updating of training models, which may lead to the generation of
inaccurate or outright false information [50,51]. On the other hand, to cross-linguistic inter-
ference between languages—particularly between English and Chinese—which may result
in the invention of non-existent words or terms [44]. In addition, several studies document
that ChatGPT systematically denies the specific provenance of its sources when explicitly
questioned, significantly affecting the transparency and traceability of the information
provided [46,52].

With regard to actionability, understood as the capacity to offer clear, specific and
actionable instructions for patients, the results indicate a lower performance of ChatGPT
compared with Google Search. Approximately only 40% of Al-generated responses include
clearly identifiable practical guidance, whereas traditional search engines tend to provide
greater operational orientation [53-56].

3.2.3. Readability, Accessibility and Response Variability

Although several studies highlight that ChatGPT prioritises governmental and aca-
demic sources over the commercial websites that frequently appear in prominent positions
in Google Search [53,57,58], this tendency towards the “academisation” of responses intro-
duces relevant challenges in terms of readability and accessibility.

The reviewed literature consistently documents that responses generated by Chat-
GPT exhibit high levels of linguistic complexity, typically corresponding to grades
12-14 on the Flesch-Kincaid scale, which hampers comprehension among the general
population [59-66]. While some studies show that readability can be improved through
specific iterative prompting without loss of accuracy [33,67-69], this process requires ad-
vanced technical competences on the part of the user [70].

Moreover, relevant temporal inconsistencies are observed, whereby identical queries
may generate different responses on different days, a phenomenon that is particularly
problematic in otorhinolaryngological emergency contexts [48]. In parallel, it is noted that
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paid versions, such as GPT-4, systematically outperform free versions of the models in
terms of accuracy [27,69,71].

Overall, access to reliable health-related responses is conditioned by socioeconomic
factors such as educational level, income and access to premium models, which influence
both the accuracy of the information received and users’ perceptions of quality [46].

3.3. Emerging Challenges and Identified Gaps

Despite the broad consensus regarding the complementary potential of generative ar-
tificial intelligence in health consultation, the reviewed literature highlights the persistence
of significant reservations among both patients and health professionals, particularly in
relation to hallucinations and informational biases [45,72].

The main gaps identified in the analysed corpus relate to the following aspects:

1.  Actual behavioural impact. There is a lack of longitudinal studies assessing the
concrete behavioural effects of ChatGPT use, such as diagnostic delays, inappropriate
self-treatment or therapeutic adherence, beyond the textual accuracy of responses.

2. Critical health literacy. None of the reviewed studies analyse educational interventions
aimed at fostering critical use of ChatGPT, including the validation of hallucinations,
effective prompt iteration or recognition of the system’s limitations.

3. Equity of access. Paid versions, such as GPT-4, demonstrate an estimated accuracy ad-
vantage of between 15% and 20% over free versions, thereby deepening socioeconomic
gaps in access to reliable health information [27,69].

4.  Professional integration. There is an absence of operational models that systematically
integrate Al-mediated consultation with human medical validation.

5. Vulnerable contexts. Populations with low health literacy and countries with low-
and middle-income levels are clearly underrepresented in the existing literature.

6.  Anemerging challenge is the lack of verification. One study [73] reveal that only 19%
of users cross-check the information provided by Al, increasing the risk of accepting
subtle errors as truths.

The comparative synthesis presented in Figure 3 summarises the main advantages as-
sociated with ChatGPT—particularly in terms of accuracy and discursive clarity—alongside
the identified risks, such as hallucinations, source opacity and inequalities in access.

‘ Analytical Category ‘ ‘ Dimension ‘ ‘ LLM Tools (ChatGPT / ‘ Search Engines (Google

IAG) Search)

Benefit: High technical Disadvantage: Lower

(/ Reliability and Trust \/\
\

’ Accuracy and Quality

accuracy and superior
performance in the
DISCERN model (4/5).
Moderate-strong correlation
with expert criteria

performance in quality and
accuracy metrics compared
to GPT—4

\\\x // Benefit: Concise, coherent
— responses with a high Disadvantage: Exchange
User Experience perception of “empathy” and| perceiv.ed as “less h“_‘man”
personalization. Reduces and with less capacity for
anxiety and some personalized synthesis
socioeconomic gaps
[Disadvantage: Critical risk of| Benefit: Greater ease in
Accuracy and Sources hallucinations (fabricated identifying origin and
o references) and lack of authors compared to
- immediate updating. automated generation of
/ N\ Opacity in the origin and LLMs
/ . N\ o
/ Bias and \ attribution of sources
\_ Misinformation ~ /
N S/
™~ - g . . Disadvantage: Low levels of Benefit: Superiority in
Practical Guidance clear instructions for the providing practical guides
Actionabilit patient . Difficulty in guiding| jand clear guidelines for users|
orderly steps

Figure 3. Advantages and disadvantages in the comparison between ChatGPT and Google Search for

health consultation. Source: Authors” own elaboration.
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4. Discussion
4.1. Main Findings

The 63 empirical studies analysed indicate that ChatGPT consistently demonstrates
superior performance compared with Google Search in terms of factual accuracy and
information quality in non-professional health self-consultation contexts. In particular, 24
of the reviewed studies report that responses generated by ChatGPT achieve scores of 4-5
out of 5 on the DISCERN scale, as well as moderate to strong correlations with evaluations
conducted by clinical experts [36,41].

Nevertheless, this technical superiority coexists with significant structural limitations.
Several studies document the presence of hallucinations in an estimated range of 31% to
45% of references, which may be fabricated or non-verifiable [30,46]. In addition, ChatGPT
responses tend to exhibit high levels of linguistic complexity, typically ranging between
grades 12 and 14 on the Flesch—Kincaid scale, which limits their accessibility for large seg-
ments of the population [59]. Finally, the capacity of these responses to guide clinical action
is limited, with approximately 40% of instructions being clearly actionable, a performance
that is lower than that observed for traditional search engines [53].

4.2. Implications for Health Professionals and Health Communication

The integration of generative language models into health self-consultation processes
opens up relevant opportunities to optimise interactions between health professionals and
patients, while at the same time requiring a substantial redefinition of the professional
role. Although 18 of the analysed studies document a technical superiority of ChatGPT
in terms of factual accuracy, this advantage does not necessarily translate into a greater
capacity to guide clinical action. In particular, the limited actionability of Al-generated
responses—with only 40% of instructions being clearly actionable—highlights the need
for human mediation to translate algorithmic information into clinically relevant and
contextually appropriate recommendations [39,53-55].

In this scenario, the reviewed literature identifies a set of emerging functions for health
professionals in environments increasingly mediated by generative artificial intelligence.
First, professionals act as expert curators, responsible for validating, contextualising and
adapting Al-generated responses through individualised clinical judgement. This role
is particularly relevant in light of evidence showing high levels of specialist satisfaction
with the descriptive accuracy of ChatGPT responses—such as the case of the 67.5% of
orthopaedic specialists satisfied with the description of femoroacetabular impingement
syndrome—but more limited assessments regarding their therapeutic usefulness [42].

In addition, the results highlight a key function of health professionals as mediators
of health literacy, aimed at enabling patients to interact critically with these systems. This
mediation includes both the teaching of strategies to formulate more effective prompts and
the development of competences to identify hallucinations, errors and other limitations
inherent to language models [33,67,70].

A third identified function is that of expectation managers, insofar as professionals
must explicitly explain the structural limitations of generative artificial intelligence, includ-
ing opacity regarding source provenance, temporal variability of responses and dependence
on the model version used. This task is essential to prevent dynamics of overtrust or the
inappropriate substitution of professional medical consultation [48].

Finally, the analysed studies emphasise the need for health professionals to act as a
bridge between Al-mediated consultation and health systems, participating in the design
of protocols that systematically integrate Al-generated information with processes of
professional validation. This integration is particularly critical in the case of vulnerable
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populations, where inequalities in health literacy and access to resources may amplify the
risks associated with the unmediated use of these technologies [31].

From a broader perspective, these findings suggest that public health communica-
tion must evolve towards hybrid models that preserve the epistemic authority of health
professionals while leveraging the synthetic and communicative capacities of generative
artificial intelligence. Recent studies have also begun to explore the use of large language
models to analyse patient-generated texts and online experience narratives [74], showing
that Al systems can help identify unmet health needs and patterns of patient dissatisfaction
beyond traditional evaluation mechanisms [75]. In this sense, generative Al may function
not only as an informational intermediary but also as a communicative mediator that
structures and articulates health needs expressed through dispersed patient experiences.
This emerging line of research reinforces the interpretation of Al-mediated consultation
as a process of communication and interpretation, rather than solely one of information
retrieval or accuracy.

4.3. Priority Directions for Future Research

The analysis of the corpus allows for the identification of a set of critical gaps that
delineate priority directions for future research in the field of algorithmic intermediation of
health information. One of the most relevant shortcomings is the absence of longitudinal
studies assessing the actual behavioural impact of ChatGPT use, incorporating indicators
such as diagnostic delays, inappropriate self-treatment and therapeutic adherence, beyond
the evaluation of the textual accuracy of responses.

In addition, the reviewed literature highlights the need to develop educational inter-
ventions aimed at critical artificial intelligence literacy applied to health. Such interventions
should enable users to validate potential hallucinations, effectively iterate prompts and
recognise the structural limitations of algorithmic systems [33]. Closely related to this, it
is essential to further examine algorithmic equity, given that paid versions of language
models, such as GPT-4, outperform free versions in terms of accuracy by an estimated
range of 15-20%, thereby contributing to the widening of socioeconomic gaps in access to
reliable health information [27].

Another relevant gap identified in the corpus is the absence of empirically validated
human-AI hybrid models that systematically integrate algorithmic consultation with pro-
cesses of professional validation. This is compounded by the need to broaden the research
focus towards currently underrepresented vulnerable contexts, including populations with
low health literacy and low- and middle-income countries, where the risks associated with
the unmediated use of these technologies may be amplified.

Accordingly, the available evidence points to the priority of developing prospective
studies that allow for the measurement of real harms associated with the use of generative
artificial intelligence systems, as well as the design of hybrid literacy programmes that
coordinately integrate artificial intelligence, health professionals and patients.

Beyond the research gaps, the findings also reveal four critical implications for public
health communication. First, the results reinforce the need for indispensable professional
mediation, in which generative artificial intelligence acts as a complementary tool rather
than a substitute for health consultation, requiring expert curation processes to contextu-
alise and validate algorithmic responses. Second, hybrid literacy in health and artificial
intelligence emerges as a priority, particularly aimed at empowering vulnerable popula-
tions in the critical use of these systems, including the formulation of effective prompts and
the identification of hallucinations or errors. Third, the findings underscore the importance
of equitable Al system design that addresses gaps derived from differential access to paid
and free versions—with estimated accuracy differences of between 15% and 20%—as well
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as low levels of health literacy affecting approximately 40% of the population. Finally,
the review highlights the need to prioritise longitudinal research that goes beyond the
evaluation of textual accuracy and examines real harms associated with the use of these
systems, such as diagnostic delays or inappropriate self-treatment.

5. Conclusions

This study confirms that Google Search and ChatGPT embody distinct paradigms of
algorithmic intermediation of health information, each associated with specific strengths
and structural risks in non-professional self-consultation contexts. While ChatGPT stands
out for its higher factual accuracy—with DISCERN scores of 4-5 out of 5—its narrative
coherence, and a high user perception of empathy, it also presents relevant limitations,
such as the systematic presence of hallucinations (31-45% of responses), opacity regarding
source provenance, and a limited capacity to guide clinical action, with only around 40%
of responses being clearly actionable. By contrast, Google Search offers greater source
traceability and verifiability, albeit at the cost of significant information fragmentation and
greater exposure to commercial content.

In a context marked by a persistent infodemic, the responsible integration of generative
artificial intelligence into health information seeking requires simultaneous progress in
algorithmic governance, critical education and the development of human-AI hybrid
models that preserve trust, patient safety and the quality of health communication, without
renouncing the opportunities for technological innovation offered by these systems. Within
this framework, the present study contributes to empirically delineating the strengths, risks
and tensions associated with the use of generative language models as health information
intermediaries, providing an analytical basis for the development of policies, professional
practices and future research.
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