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Abstract

Drawing on findings from a survey of multinational pharmaceutical companies operating in Brazil and recent evidence on agentic 
and conversational medical AI, this editorial examines the capability–deployment gap: the distance between prioritizing technological 
capabilities and integrating them into routine, accountable, and sustainable practice.
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In a recent survey of 37 multinational pharmaceutical affil-
iates operating in Brazil, we reported a striking pattern: 
65% of respondents prioritized artificial intelligence (AI) 

and machine learning, while only 8% reported meaningful 
telemedicine or electronic health record (EHR) integration.1 
The survey treats AI as a transversal enabling capability rather 
than a discrete application—which is what AI should be. But 
capability is transversal only when it connects to workflows, 
data, and evidence. Prioritized at 65% and connected at only 
8%, it is transversal in ambition, not in operation. The survey 
did not read the situation as a deficit. This editorial does.

The deficit is not a lack of interest; interest is abundant. Nor 
is it a lack of imagination; healthcare and life sciences have 
no shortage of pilots, dashboards, and digital transformation 
claims. What is scarce is the connective tissue that turns capabil-
ity into operational value: integrated data pathways, workflow 
integration, outcomes measurement, governance, and reim-
bursement. This is the capability–deployment gap—the distance 
between what organizations prioritize and what they can actu-
ally deploy, govern, measure, and sustain in routine operation.

The Brazilian survey makes this gap visible, but it is far from 
a Brazilian anomaly. Across healthcare systems, digital health 
and medical AI typically emerge first as strategic intent and 
only later, if  at all, as operational capabilities—capabilities 
procured before organizations decide how to absorb them into 
workflows, evidence generation, and accountability.

The Brazilian data show the problem at the commercial and 
organizational level. AI, patient engagement, and data analyt-
ics ranked among the most frequently cited priorities, while 
telemedicine, EHR integration, and dedicated governance 
remained less mature.1 The asymmetry matters because high-
value pharmaceutical use cases require precisely the missing 
layer—feedback loops, longitudinal data, reliable outcome 
measurement, and integration into care pathways. This is a gap 
in data and evidence infrastructure, not in the quality of care.

Although the underlying challenge is similar, pharmaceu-
tical companies and healthcare providers face fundamentally 
different deployment responsibilities. Pharmaceutical compa-
nies rarely operate hospital workflows or carry direct responsi-
bility for live clinical escalation; their deployment problem sits 
in evidence generation, patient support, pharmacovigilance, 
market access, and partner-mediated integration with care. 
Providers own the clinical deployment problem directly. The 
shape is the same; the responsibilities are not.

The same structure is now visible on the clinical plane 
through agentic medical AI. As systems move from answering 
questions to coordinating tasks, generating recommendations, 
and managing parts of clinical workflows, the relevant unit of 
evaluation changes. It is no longer sufficient to ask whether a 
model performs well; the more important question is whether 
an AI-supported system can operate safely, accountably, and 
sustainably in live care. In medicine, ungoverned capability is 
not progress; it is a liability masquerading as progress. Nor is 
the gap confined to medicine: in a global survey of over 3,000 
enterprises, only 21% reported a mature governance model for 
autonomous AI agents, even as most planned to deploy them 
within 2 years.2

Recent studies show both the promise and the current limits 
of the evidence. Medical intelligence for reasoning and action 
(MIRA), an autonomous EHR-integrated agent, performed 
strongly in a sandboxed EHR environment, yet its authors 
stressed the need for prospective real-world studies to establish 
generalization, safety, and governance.3 Articulate Medical 
Intelligence Explorer (AMIE), a conversational diagnostic AI 
system, was non-inferior to primary-care physicians in man-
agement reasoning in a virtual Objective Structured Clinical 
Examination (OSCE) format—but its authors likewise noted 
that real-world translation requires further research.4 Topol, 
a leading cardiologist and digital-medicine scholar, described 
these as important advances while stressing that simulated, 
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text-only settings are not real medical practice.5 Importantly, 
this limitation is not an external criticism. The investigators 
themselves explicitly acknowledge this limitation, and Topol 
independently reinforces the same conclusion.

The distinction is substantive: model performance differs 
from system readiness, simulation differs from deployment, 
and robustness differs from governance. A system may per-
form well under test conditions and still lack escalation path-
ways, liability allocation, auditability, and reimbursement 
mechanisms. Better models reduce some technical risks; they 
do not determine accountability, what data can be used, or 
when a human must intervene. This is where the debate stays 
too shallow: deployment is treated as the step after capabil-
ity. In healthcare, however, it is part of the evidence problem 
itself. A system that cannot be governed, reimbursed, audited, 
and integrated into clinical workflows has not merely failed 
implementation; it has failed the conditions under which per-
formance becomes clinically meaningful.

The pace of model development makes this more acute, not 
less. Benchmark performance has risen sharply year over year,6 
and clinical literature is expanding just as fast. A large language 
model (LLM)-assisted review identified 4,609 peer-reviewed 
studies on LLMs in clinical medicine from January 2022 to 
September 2025; of these, just 19 were prospective randomized 
trials, and where models outperformed clinicians, the advan-
tage shrank as the task moved closer to real medicine.7 Four 
thousand papers and 19 randomized trials do not yet consti-
tute a mature clinical evidence base; they describe a field whose 
publication volume has outpaced its deployment proof. The 
faster models improve, the greater the temptation to confuse 
technical progress with deployment readiness. Organizations 
can therefore become technologically current while remaining 
operationally obsolete.

A second constraint is structural and will outlast any partic-
ular model or vendor: deployment capacity depends not only 
on internal readiness but also on model availability—a func-
tion of procurement, contract architecture, jurisdiction, and 
policy, not of performance alone. Organizations reasonably 
restrict AI use to enterprise-approved systems; platforms such 
as Microsoft Purview, Google’s Gemini Enterprise governance 
layer, and Amazon Web Services (AWS) Bedrock AgentCore 
provide the security, audit, and compliance controls that ad 
hoc access cannot match.8 However, governance convenience 
can harden into strategic narrowing. An organization that 
uses only the model family that fits its contract stack lets pro-
curement dictate its AI strategy—creating the kind of vendor 
dependence agile, supplier-diverse procurement is meant to 
avoid. In doing so, it risks surrendering the operational inde-
pendence on which durable deployment depends.9

A single approved tool is not a strategy; it is a procurement 
state. Operational independence in medical AI is not indepen-
dence from advanced models but from any single model, ven-
dor, contract, or regulatory assumption.

None of this is a failure of will. Enterprise structures were 
built for a rate of change that AI now outpaces—planning 
cycles, governance, and accountability assume a slower clock 
than the technology runs on.10 The more difficult diagnosis is 
organizational rather than technological. The limiting factor 
is usually absorptive capacity, not innovation—the finding, 

across public and private organizations, that scaling stalls 
more on skills, data access, legacy systems, and the absence 
of impact-measurement frameworks than on technology.9 And 
the gap is not new. A systematic review had already found only 
six of 66 economic-impact studies to be usable, none of which 
included a full cost–benefit analysis, 6 years before that review 
identified 19 randomized trials among 4,609 studies.11 Two 
measurements, 6 years apart, point to the same conclusion: 
despite an explosion in technological capability, the evidence 
base for deployment has remained structurally thin. That is 
why it will not resolve itself  as models improve and why so 
many AI strategies remain pilot graveyards with a budget line.

The path forward requires reversing the diagnosis. If the 
constraint is a mismatch of cadence, the remedy is not faster 
adoption but greater organizational readiness: assess where AI 
is competitively decisive, build the readiness to act, then imple-
ment iteratively, aligning internal cadence to the market rather 
than chasing each release.10 For pharmaceutical companies, this 
is concrete: the differentiator will rarely be the most advanced 
algorithm, but the ability to embed digital capability into cred-
ible evidence and operating models that survive technological 
and regulatory change. The threshold is crossed not by better 
tools but by an operating rhythm built to move with them.

Closing the gap requires a different evidence discipline: evalu-
ating not only whether a tool works, but also the conditions under 
which it can be operated. Several questions become fundamental.

•	 Who controls the system and its output?
•	 How is liability distributed?
•	 How does escalation to a human occur?
•	 Can it be reimbursed or economically justified?
•	 Is the evidence drawn from real-world operations or from 

simulation alone?
•	 Can the organization compare and replace models with-

out losing governance?
•	 What if  a model becomes unavailable under policy or 

procurement?

These questions are not brakes on innovation but the con-
ditions under which it becomes usable—the transition from 
potential to proof.12 A proof-oriented strategy does not stop 
at naming promising technologies; it specifies the evidence 
needed to cross the threshold and the responsibilities that  
follow once deployment begins.

The Brazilian survey therefore points beyond Brazil. It cap-
tures a broader transition: from interest, experimentation, and 
strategic signaling toward evidence infrastructure, deployment 
discipline, and operational independence. The transition grows 
more urgent as medical AI moves from advisory functions 
toward autonomous participation in care: the more capable 
the system becomes, the less acceptable it is to evaluate it only 
as a tool rather than as a component of care.

The discipline that matters is asking, before deployment, 
whether capability has been matched by the conditions for 
responsible operation. The decisive question is no longer what 
technology can do, but what healthcare and life sciences orga-
nizations can prove, operate, govern, source, and scale.

Closing the capability–deployment gap will determine 
whether digital health and medical AI remain on the near 
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side of operational proof or become reliable, accountable,  
value-generating practices within care.
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