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Original Research

Introduction

Eysenbach coined the term apomediation1 18 years ago to 
refer to an ecosystem in which we no longer depend on tra-
ditional intermediaries to access health information, but on 
apomediaries: agents (people or tools) who “stand by” to 
guide and orient users toward reliable information. 
Apomediation is thus a collaborative and distributed 
approach to information guidance that replaces the figure of 
the central expert with a network of agents who accompany, 
filter, and validate information without becoming gatekeep-
ers. Its relevance and credibility lie in maintaining trust and 
information quality in information-rich environments, such 
as social networks.2-4

Although there has been controversy surrounding this 
concept due to the risks of misinformation that can be caused 
by having intermediaries who can create content without 
true, contrasted, and quality information,5 even causing false 
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Abstract
Objective: This conceptual paper explores the transition from apomediation to AIMediation, allowing patients or users 
to independently seek and access health information on their own, often using the internet and social networks, rather 
than relying exclusively on the intermediation of health professionals. It examines how generative artificial intelligence 
(GAI) reconfigures the dynamics of informational authority, access, and user autonomy in digital health environments in 
light of the increasing use of generative AI tools in healthcare contexts.
Method: This study examined how mediation models in health information have changed over time. It uses Eysenbach’s 
framework and new developments in large language models (LLMs). A new model was created to compare intermediation, 
apomediation, and AImediation.
Results: AImediation emerges as a new paradigm in which patients or users interact directly with AI tools such as 
ChatGPT, Claude, Perplexity, or Gemini to access compiled multi-source health information. While this model retains the 
user autonomy characteristic of apomediation, it centralizes information flows and removes peer-based social layers. Key 
challenges include algorithmic opacity, prompt dependence, and the risk of misinformation due to hallucinations or biased 
outputs.
Conclusion: AImediation redefines how individuals access and evaluate health information, requiring critical engagement 
from users and responsible development by technology providers. This framework calls for more research to determine 
how it affects patient actions, the roles of professionals, and the ethical use of AI in healthcare.
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positives,6 there have also been many supporters who see 
mediation as an opportunity to empower patients in the 
search for easily accessible health information to help them 
with their decision-making, as well as to encourage health 
professionals to become content creators.7

Likewise, this type of user-generated content can be 
interesting for the consolidation of digital communities 
around a condition, ailment, or disease, which also makes it 
possible to create support networks around the content.8,9 
However, some studies warn that the growing prominence 
of content creators can displace the epistemic authority of 
health professionals,10 an effect that completely changes the 
paradigm of healthcare.

As Eysenbach1 warned almost two decades ago, the 
debate on the disintermediation facilitated by ICTs not only 
in the field of healthcare, but also in many other areas where 
the middleman has been cut (travel agents, librarians, phar-
macists, etc.) continues to rage, while “emancipated” con-
sumers and users must take responsibility for assessing the 
quality and credibility of information. The center of the 
controversy in the health field is precisely the loss of the 
symbolic power of the health professional as a gatekeeper 
of information, something that the algorithms of the social 
networks have been gradually taking over, giving relevance 

to that content that obtains greater external validation, while 
invisibilizing or banning false or misrepresented content.11

However, the irruption and popularization of the use of 
Generative Artificial Intelligence (GAI) such as ChatGPT, 
Gemini, Claude, or Perplexity, among others, is bringing 
about a revolution in the access to health content, since it 
not only removes the intermediary, but also displaces the 
networking and peer support communities that were gener-
ated in the comments and opinions on social networks such 
as YouTube or Facebook, in specialized forums, and wikis. 
In contrast, GAIs feed on all this online indexed content, 
compiling and packaging it as answers to queries from vari-
ous sources.12 In this theoretical paper, the authors propose 
referring to this new ecosystem as “AImediaries.”

Analyzing the shift from the apomediation model to the 
AImediation model is useful because it allows us to analyze 
the implications of a return to compiled and less social 
informational centrality, in which a certain level of multi-
source epistemic emancipation is maintained (Table 1).

Conceptual Framework

In health communication, the evolution of information 
mediation can be understood through three sequential 

Table 1.  Comparative Framework of Information Mediation Models in Health Contexts.

Variable Intermediation model Apomediation model AImediation model

Dependency Paternalistic System–Acute 
Illness–Pre-adolescent Kids– 
Illiterate Consumers

Autonomy–Net–Chronic 
Illness–Adolescents–Literate 
Consumers

Autonomy-Query/prompt basis.

Platform Traditional Digital Digital
Distribution Centralized Highly Networked Centralized heterogeneous multi-

source
Dependence Managed environment Autonomy, emancipation Autonomy, emancipation
Sources Dependence on Intermediaries 

(physicians, parents)
Guidance by Apomediaries 
(peers, Web 2.0)

Indirect multisource (websites, social 
networks, videos, and scientific 
journals)

Credibility Credibility of Authorities/
Experts

Credibility of Peers Credibility of the compilation and 
multisource contrast

Epistemic Authority Power held by intermediaries Empowerment of consumers/
youth

Empowerment of consumers/youth

Source expertise Traditional credentials (seniority 
and professional degrees)

First-hand experience, peers Source combination

Message Professional language, 
message “length is strength,” 
comprehensiveness signifies 
expert status

Understandable language, “street 
cred”

Depends on query/prompt

Directionality Top-down Bottom-up Raticular
Learning More formal learning More informal learning Blending formal and informal learning
Hubs Static Dynamic Dynamic
Prioritization Source credibility is more 

important than message 
credibility

Message credibility and 
credibility of apomediaries more 
important than source credibility

AI algorithm prioritizes SEO 
positioning and direct query 
response accuracy

Source: Own elaboration based on Eysenbach.1
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paradigms: traditional intermediation, apomediation, and 
emerging AImediation. This conceptual framework traces 
shifts in informational authority and user autonomy across 
these models.

In the classical intermediation model, healthcare profes-
sionals are the central gatekeepers of knowledge. The 
advent of apomediation – a term coined by Eysenbach1 – 
replaced the sole expert with a distributed network of peer- 
or tool-based guides who “stand by” to orient users toward 
reliable content. Apomediation disperses informational 
authority across social networks and digital platforms, 
empowering patients to access and evaluate health informa-
tion with greater independence than before.

Building on this progression, AImediation represents a 
new paradigm in which generative AI systems (eg, ChatGPT, 
Gemini, Perplexity, Claude, and similar large language mod-
els) directly mediate information exchange. AImediaries 
aggregate and synthesize multi-source health content in 
response to user queries, essentially centralizing information 
retrieval within an algorithm while preserving user auton-
omy fostered by apomediation. By comparing intermedia-
tion, apomediation, and AImediation, this framework 
clarifies how generative AI reconfigures the balance of trust, 
guidance, and expertise in digital health communication.

The Black Box of the Search Algorithm

Unlike the traditional intermediation model, in which infor-
mation emerges from a healthcare professional, or the apo-
mediation model, in which information is generated and 
filtered by other users, GAIs use search algorithms based on 
multi-source and multi-language SEO positioning of infor-
mation found online.13 This allows the GAI itself to filter 
the information and compare and contrast it even with sci-
entific evidence by accessing specialized websites of medi-
cal and scientific societies, scientific journals, and medical 
forums, but prioritizing some websites over others.

In fact, the same query performed within seconds of each 
other on the same interface may provide answers compiled 

from different sources (see Table 2). Therefore, although 
GAIs usually report the sources from which they have 
extracted the emerging information, these are selected and 
paraphrased differently because of the effect of “nonmono-
tonic reasoning”14 (see Figure 1).

Autonomy and Less Dependence on the 
Intermediary Are Maintained

As with apomediation, in IAMediation, the user can make 
the query online, always having the option to decide if, 
when, and how to use the healthcare intermediary. With the 
multisource answers of GAIs, the user will perceive them-
selves to be better informed about their symptoms or condi-
tion, making it less likely that they will need to go to an 
intermediary for answers, as the recipient will have greater 
knowledge and self-efficacy. Of course, this is not without 
its dangers, such as self-medication.

Reducing dependence on intermediaries can also allevi-
ate the workload of health professionals and the waiting 
lists for primary care in health centers. Even in terms of care 
times, an informed patient reduces the need for an in-depth 
explanation of the ailment or condition and even in seeking 
supportive therapies (such as physiotherapy).

Efficiency Lies in the Query

One of the biggest challenges in learning how to use GAIs 
is writing a prompt or query that facilitates understanding of 
health condition. In other words, the user must know or 
describe exactly what they are looking for so that the LLM 
yields the most appropriate result. In this sense, it is impor-
tant that the user knows how to distinguish, for example, a 
headache from a migraine, or present all the most relevant 
data from their medical history each time they consult the 
GAI about a condition, on the understanding that it does not 
store sensitive information in the user’s memory.

Thus, GAIs will not yield the same information with the 
prompt “I have a mild recurrent headache for the past 

Table 2.  Comparison Between Sources Used by Different GAI to Query “Omeprazole Side Effects.”

ChatGPT plus Perplexity pro Gemini

Spanish Agency of Medicines and Medical Devices 
(AEMPS) – Omeprazole technical data sheet.
MedlinePlus (U.S. National Library of Medicine) 
– Patient information on omeprazole.
Mayo Clinic – Usage, precautions, and adverse 
effects.
British National Formulary (BNF) – Clinical 
reference for healthcare professionals in the UK.
U.S. Food and Drug Administration (FDA) 
– Official data on approved drugs, including 
warnings and adverse reactions.

UpToDate
Medscape
PubMed/MEDLINE
Omeprazole – StatPearls – 
NCBI Bookshelf
Drugs.com
National Library of Medicine 
Drug Information Portal
American Family Physician
Cleveland Clinic & Mayo Clinic
NHS (National Health Service)

FDA (U.S. Food and Drug Administration)
European Medicines Agency (EMA)
Medical Textbooks and Clinical 
Guidelines
Peer-Reviewed Scientific Literature: (New 
England Journal of Medicine, JAMA, The 
Lancet Gastroenterology & Hepatology)
Mayo Clinic
NHS (National Health Service)
MedlinePlus
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2 days, what can I do?” as “I am a 60-year-old patient with 
type 2 diabetes and hypertension, I have a mild recurrent 
headache for the past 2 days, what can I do?” (see Figure 2). 
In this sense, one of the issues that arise with these new 
information search and filtering mechanisms is that it is 

essential that users develop skills not only in prompt formu-
lation but also in discerning what clinical information is 
indispensable to provide the algorithm with all the data nec-
essary to obtain the correct information.

Risks of Algorithmic Biases

No health information mediation model is infallible, and 
GAIs are no exception, at least for the time being. 
Algorithmic biases often originate from multiple factors, 
including the training data used to develop the models being 
unbalanced or reflecting cultural, linguistic, or socioeco-
nomic gaps,15 and the fact that GAIs may automatically pri-
oritize sources based on their SEO domain authority and not 
necessarily on their scientific rigor or specialty relevance.

In addition, the “hallucinations” of the GAI may arise in 
the answers, presenting erroneous, illogical, incorrect, 
unreal, fabricated, poor quality information, or nonexistent 
contraindications16 (see Figure 3). This, also in relation to 
the previous point that a prompt may be incomplete or 
poorly formulated, increases the chances that queries will 
lead to ambiguous, generic, or biased answers. These chal-
lenges underscore the need for users to possess strong digi-
tal and health literacy.

Unmitigated algorithmic biases in health AI can also dis-
proportionately mislead or exclude certain populations, 
echoing concerns that biased training data may worsen 
health disparities.17 Therefore, ensuring transparency and 
fairness in AI-driven information curation is critical.

Discussion: The Role of Health and 
Digital Literacy in the Interpretation 
of AI Results

The effectiveness of the AImediation model depends not only 
on the technological capabilities of the generative models, 
but also – and crucially – on the level of digital and health 
literacy of the user, both to interpret and verify the emerging 
results, and to design the query prompt with all the necessary 
elements to retrieve a more accurate answer. In contrast to 
apomediation, where peer support can partially compensate 
for users’ educational shortcomings, interaction with a GAI 
requires greater interpretive autonomy and advanced skills in 
formulating clear and contextualized prompts.

Therefore, the effectiveness of AImediation hinges not 
only on technology but also on user competencies. Emerging 
scholarship and the WHO call for AI literacy, the ability to 
understand, critically evaluate, and responsibly apply AI 
outputs, as an essential extension of digital health literacy.17 
Without such literacy, users may misinterpret AI-generated 
information or trust it inappropriately

Low digital literacy can lead to the formulation of vague, 
imprecise, or biased questions, which in turn translates into 

Figure 1.  Different answers to the same query in ChatGPT 
Plus (top), Perplexity Pro (middle), and Gemini (bottom).
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erroneous, incomplete, or potentially dangerous answers. 
Similarly, a literal or uncritical interpretation of the results 
offered by AI can generate a false sense of knowledge, mak-
ing professional consultation difficult or promoting self-
medication practices without clinical validation. In contrast, 
users with more advanced skills can take advantage of the 
adaptive potential of these models to generate iterative 
questions, contrast information, and refine the quality of the 
answers received.

This phenomenon reveals a digital divide in the making, 
not only between those who do or do not have access to 
these technologies, but also between those who do or do not 
know how to adequately formulate their queries and criti-
cally analyze the answers generated by the AI. In this sense, 
digital literacy should be understood not only as a technical 
skill but also as a critical transversal competence, which 
should be promoted through public health education poli-
cies, continuous training for health professionals, and 
awareness campaigns aimed at the general public.

Additionally, health literacy is necessary, understood as 
the ability of users to obtain, understand, evaluate, and 
apply health information to make informed decisions about 
their well-being. In the context of AImediation, this compe-
tence takes on greater value, since the proper interpretation 
of AI-generated results requires not only technological 
skills, but also basic knowledge of physiology, symptom-
atology, treatments, and clinical evidence. Without this 
frame of reference, the risk of misinterpretation or over-
interpretation of content increases significantly, especially 
when the answers generated use technical, ambivalent lan-
guage, or lack explicit references.

Hence, any strategy that seeks to integrate AI into health-
care settings should be accompanied by robust health liter-
acy programs capable of empowering citizens to discern 
between valid information, pseudoscience, and AI halluci-
nations, as well as to recognize when it is essential to resort 
to the professional judgment of the classic clinical interme-
diation model.

Figure 2.  Different responses with different prompts and response customizations based on GAI memory in the left query (Gemini).

Figure 3.  Example of GAI hallucination with the search “Side effects of omeprazole.”
In this search, the IAG was asked to present an example of a hallucination.
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The transition to an AImediation ecosystem has sub-
stantial and practical implications. For patients, this repre-
sents an opportunity for informational empowerment, 
although it requires advanced digital health skills and 
critical capacity. For healthcare professionals, it opens up 
a new scenario where their role can be complemented by 
AI, especially in patient education and the validation of 
generated information.

Future research should explore empirical evaluations of 
how patients interpret AI-generated responses, their impact 
on clinical outcomes, and the development of standardized 
frameworks to integrate AImediaries into professional 
healthcare workflows.

Conclusions

In summary, the AImediation model marks a significant 
conceptual shift in health communication, redefining how 
individuals obtain, use, and trust health information. 
Whereas traditional intermediation vested informational 
authority in medical professionals and apomediation dis-
tributed that authority across peer networks, AImediation 
introduces an AI-driven mediator that compiles knowledge 
from diverse sources, on demand.

Key insights from this analysis highlight that AImediation 
preserves the direct-access autonomy of the apomediation 
era, albeit now exercised under the algorithmic guidance. 
This raises the paradox that while patients are empowered to 
independently retrieve information, they may also develop 
an over-reliance on AI outputs, a known risk in automation 
that can undermine truly independent judgment.18 This 
reconfiguration of informational authority has profound 
implications for both patients and healthcare professionals.

For patients, AImediation offers unprecedented informa-
tional empowerment, as users can instantly access tailored, 
multi-sourced answers. However, it also demands higher lev-
els of digital and health literacy to critically interpret 
AI-generated advice. In the absence of strong AI literacy and 
critical appraisal skills, the AI’s tendency to sometimes pro-
vide plausible-sounding but incorrect answers has prompted 
calls for algorithmic transparency and validation frameworks 
in health settings. Therefore, users must be encouraged to 
verify AI-provided information against trusted sources to 
prevent a false sense of security,19 potentially influencing 
their health behaviors (such as self-diagnosis or treatment 
adherence) in ways that are not always beneficial to them.

Also, the “paradox of autonomy”20 arises in digital 
health, when users’ freedom to access and select online 
health information ironically leads them into misinforma-
tion. While autonomy empowers individuals to make 
informed choices, the vast availability of low-quality or 
misleading content undermines this very freedom by pollut-
ing their decision environment. As a result, autonomy 
becomes paradoxical: in enabling user independence, 

digital platforms also expose users to information that can 
distort their understanding, eroding true self-directed agen-
cies in health-related decisions

For healthcare professionals, the rise of AImediaries chal-
lenges the traditional gatekeeping role and shifts their profes-
sional responsibilities. Practitioners may increasingly serve as 
interpreters, validators, and context providers for AI-derived 
information rather than being the sole source of facts. This 
evolving role could alleviate certain workload pressures (as 
routine informational queries are handled by AI) but also 
requires professionals to engage with patients in verifying the 
quality of AI-provided information and addressing any misin-
formation or anxiety it may cause to patients.

Looking ahead, careful attention must be paid to the 
ethical implementation of AImediation in healthcare and 
the promotion of AI literacy among all stakeholders. As 
generative AI becomes more ingrained in health informa-
tion seeking, future research should explore strategies for 
integrating AImediaries in a manner that upholds trans-
parency, mitigates biases, and ensures accountability in 
the information provided. Developing guidelines for 
algorithmic fairness and reliability is essential to ensure 
that AI tools complement clinical decision-making with-
out undermining trust or exacerbating health disparities. 
Parallel to these efforts, there is a pressing need for edu-
cational initiatives to boost both patient and provider AI 
literacy, empowering users to formulate effective queries, 
interpret AI outputs with skepticism, and recognize when 
professional consultation is warranted. By pursuing these 
directions, researchers and practitioners can better under-
stand the impact of AImediation on patient behavior and 
clinical practice and ensure that this new paradigm 
enhances health communication in an ethical, equitable, 
and evidence-based manner.
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