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Abstract
Deep learning has driven rapid progress in medical image analysis, with methods for tasks such as organ
segmentation, anomaly detection, and radiology report generation now matching or surpassing expert
performance on several benchmarks. While many methods are released as open source, their routine
adoption by clinicians and medical researchers remains limited. The bottleneck is not a lack of capable
tools, but the absence of infrastructure to make them accessible to non-technical users.

To break this barrier, we present MedMCP, an agentic framework that solves this last-mile problem
along two axes: (1) a local agentic workspace that lets users apply state-of-the-art image analysis
methods through natural language, and (2) a community-driven tool ecosystem that lets developers
deploy and distribute capabilities as validated, independently testable servers.

MedMCP enforces a strict orchestration-execution boundary in which a local language model translates
user intent into workflow plans, while all image analysis is delegated to domain-specific tools. The
framework runs entirely on-premise, every side-effecting operation passes through a human-in-the-loop
permission gate, and a full provenance trail links each output to the tools, parameters, and inputs that
produced it. An inspectable workspace lets users verify intermediate results rather than blindly trusting
the agent, and completed sessions distill into deterministic, shareable workflows that re-execute without
the agent, turning one-off interactions into reproducible analyses.

This paper introduces the project’s general idea and describes the design principles that guide its
development. Beyond a single toolkit, we envision MedMCP as a community-driven platform where
each contributed tool becomes easily accessible, compounding individual efforts into shared capability.

� https://medmcp.ai
§ https://github.com/medmcp

1 Introduction

The medical imaging community has produced a rich
ecosystem of well-established, open-source tools for
diverse tasks ranging from brain extraction (Isensee
et al., 2019) and multi-modal registration (Tustison
et al., 2021) to deep learning-based segmentation
(Isensee et al., 2021; Wasserthal et al., 2023), compu-
tational pathology (Lu et al., 2021), or radiology re-
port generation (Tanno et al., 2025). Yet a fundamen-
tal problem persists: most practitioners who stand to
benefit from these tools cannot use them (Kelly et al.,
2019; Cabitza et al., 2020). We argue that, beyond
regulatory hurdles (Muehlematter et al., 2021), this
barrier is not due to inadequate tools but rather to
the level of technical fluency required to operate them.
Clinicians rarely possess this level of technical fluency,
nor should they need to.

We therefore present MedMCP, an agentic ecosystem
that aims to close this gap by exposing medical imag-
ing capabilities through natural language. Its central
design principle is a strict separation between orches-
tration and execution: a local large language model
(LLM) interprets user intent, sequences operations,
and invokes validated tools, while all image process-
ing is delegated to those tools. This separation is
what makes the framework both trustworthy and ex-
tensible. The LLM never touches the data directly,
and new capabilities can be added without retrain-
ing or modifying the orchestrator. The entire system
runs on-premise, so data never leaves the institution,
satisfying the governance requirements of clinical and
translational research environments.

Natural-language access alone, however, is of little
value if users cannot verify and trust what the sys-
tem produces. We therefore build MedMCP into a
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complete agentic workspace rather than a bare conver-
sational interface. It pairs the chat with a file explorer
and image viewer for inspecting inputs and intermedi-
ate results, a full provenance trail linking every output
to the tools, parameters, and inputs that produced
it, and a human-in-the-loop permission gate through
which each side-effecting operation, i.e. every opera-
tion that interacts with data, must pass. Completed
sessions can be distilled into deterministic workflows
that re-execute without the agent and can be shared
with others, turning one-off interactions into repro-
ducible, reusable analyses.

The remainder of this paper further establishes the
problem that motivates such a framework (Section 2),
describes the design philosophy behind its architec-
tural decisions (Section 3), details the system’s (cur-
rent) implementation (Section 4), and discusses its
potential impact. This paper is meant as a “living
document” , i.e., we will regularly update it to keep
track with MedMCP’s developments and will add con-
crete use cases, systematic performance reports, and
experience from real-world deployments.

2 Motivation

2.1 The Last-Mile Problem in Medical
Imaging

The motivation for this project stems from a simple
observation:

The Last-Mile Problem. Despite a mature
ecosystem of medical imaging tools, the prac-
titioners best positioned to apply them are sys-
tematically unable to do so. The barrier is not
capability, it is the accumulated technical com-
plexity required to operate these tools. We refer
to this persistent disconnect between tool avail-
ability and tool accessibility as the Last-Mile
Problem.

We argue that this gap persists because of a structural
mismatch between the involved communities:

1. On the developer side, researchers who produce
methods operate within an incentive structure
that rewards publication, not adoption. For most
methods, the de facto accessibility standard is
a public code repository with an explanatory
README file (Moassefi et al., 2023; Simkó et al.,
2024). Anything beyond this threshold is left
to the initiative of researchers who aim to sus-
tain their work beyond the publication. Pack-
aging a tool for non-technical users is a distinct
engineering effort, encompassing installation test-
ing, multi-platform support, error handling for
unexpected inputs, and ongoing maintenance,

none of which is rewarded by academic metrics.
Projects such as FreeSurfer (Fischl, 2012), nnU-
Net (Isensee et al., 2021), and TotalSegmenta-
tor (Wasserthal et al., 2023) represent the upper
bound of what sustained accessibility investment
currently achieves, offering extensive documenta-
tion, containerization, and stable interfaces. Yet
even these tools are rarely used by clinicians. Pro-
cessing a cohort with FreeSurfer remains a no-
table programming effort for domain researchers,
and nnU-Net models are, in practice, trained and
deployed by machine learning researchers rather
than radiologists.

2. On the user side, applying even a single state-
of-the-art imaging pipeline requires fluency in
command-line interfaces, environment manage-
ment, file format conventions, and tool-specific
APIs, i.e., expertise accumulated over years of
research-first development that domain special-
ists neither have nor should be expected to ac-
quire (Gorgolewski et al., 2017). Faced with this
overhead, clinical and imaging research users de-
fault to established workflows and forgo the ca-
pabilities of newer methods. Beyond the impact
on tool choices, the overhead constrains research
output itself: studies devised by domain experts
may never be conducted or become dependent on
the availability of technical collaborators, thereby
gating clinical research questions behind engineer-
ing capacity. The limiting factor is not unwilling-
ness to adopt better tools, but the cost of inte-
grating them.

The result is a persistent, structural barrier between
working methods and unreachable users. This obser-
vation is not new. The medical imaging community
has long recognized that accessibility is a first-class
challenge in translational research. Individual efforts
to address the problem through tutorials, container-
ization, or web interfaces have, however, remained
fragmented and method-specific (Kelly et al., 2019;
Von Chamier et al., 2021; Varoquaux & Cheplygina,
2022).

We envision and develop MedMCP as a community-
driven effort to address this challenge systematically.
Rather than placing the accessibility burden on in-
dividual developers, the framework provides shared,
easy-to-use infrastructure. The core components are
maintained centrally, so contributors supply the do-
main capability only and inherit natural-language ac-
cess, permission gating, provenance tracking and the
deterministic replay engine with shareable workflows
without additional effort. Each contribution becomes
available to users of the framework and tool accessi-
bility scales with the community.
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2.2 Why Not Prompt a General-Purpose
LLM?

While prompting a general-purpose LLM may seem su-
perficially attractive, it is deeply unreliable (Bhayana
et al., 2023; Bhayana, 2024), and closer inspection re-
veals several fundamental limitations that render this
approach unsuitable for medical imaging workflows.

The most basic problem is unreliable execution. Dy-
namic code generation may succeed intermittently,
but it offers no guarantees (Liu et al., 2023; Tian
et al., 2025). Small variations in input format, li-
brary versions, or task phrasing can produce silently
incorrect results or outright failures (Sclar et al., 2024;
Ouyang et al., 2025). Additionally, executing a work-
flow through generated code requires the model to re-
produce functionality that is already robustly imple-
mented, tested, and validated in established libraries.
Regenerating this logic from scratch discards years
of accumulated engineering effort and introduces the
risk of subtle deviations from the very reference imple-
mentations whose correctness the community already
trusts.

The model’s susceptibility to hallucination amplifies
the risks. LLMs readily invent non-existent function
signatures, parameters or file conventions (Patil et al.,
2024; Spracklen et al., 2025; Zhang et al., 2025). With-
out a fixed, validated tool interface to constrain them,
these hallucinations manifest as runtime errors at best
and incorrect but plausible-looking outputs at worst.
Free-form code execution is inherently opaque, and
this makes any clean fix difficult. There’s no natu-
ral checkpoint at which to gate permissions for side-
effecting operations, no provenance trail tying out-
puts back to the inputs and parameters that produced
them, and no way for a non-technical user to see what
the generated code actually did.

Finally, even when code is generated correctly, the
user remains responsible for providing a working ex-
ecution environment with the correct dependencies,
versions, and system configuration, reintroducing ex-
actly the technical burden the framework is meant to
eliminate (Pimentel et al., 2019; Trisovic et al., 2022).

MedMCP avoids these failure modes by construction.
The orchestrator never generates code that touches
the data but instead selects among a fixed set of val-
idated tools with well-defined interfaces, an approach
shown to improve reliability and reduce API halluci-
nation relative to free-form generation (Schick et al.,
2023; Yao et al., 2023; Patil et al., 2024; Qin et al.,
2024). This constrains the model to a space of opera-
tions known to be correct, makes every action observ-
able and gateable, and shifts the environmental bur-
den from the user to the tool packager, who resolves
it once on behalf of the community.

3 Design Philosophy

MedMCP is built upon four core design principles that
we consider essential for a medical agent to succeed:

(1) Accessibility First. MedMCP exists to make val-
idated imaging tools reachable, not to produce new
ones. Every architectural decision is evaluated against
one question: Does this reduce the barrier between a
working method and the practitioner who needs it?

(2) Bounded by Design. The agent’s role is strictly
limited to invoking pre-validated tools. It is not meant
to write code or improvise solutions. The value of
the framework lies in the reliability of known, tested
behavior, not in creative problem-solving.

(3) Local Execution Only. Medical data is subject
to strict privacy regulations and institutional gover-
nance policies. The system is therefore required to run
entirely on-premise. No imaging data, patient meta-
data, or intermediate results leave the institution’s in-
frastructure. This is a hard architectural constraint,
not an optional feature.

(4) Community-Driven Growth. No single team can
cover the full breadth of medical imaging workflows
across radiology, pathology, cardiology, and beyond.
MedMCP is designed to grow through community con-
tributions: a shared schema for tool and skill meta-
data, and a central registry for discovery ensure that
each new contribution is immediately available to all
users.

4 Implementation

MedMCP consists of three main components: (1) a
workspace in which the user operates, (2) an orches-
trator that translates requests into executable plans,
and (3) a set of tool stacks that carry out the computa-
tion. These components communicate through open
protocols and a shared data directory (Figure 1). All
components are distributed as multi-architecture con-
tainer images and run on hardware ranging from single
GPU-enabled workstations to servers and clusters.

The workspace controls the orchestrator via the
Agent Client Protocol (ACP)1, a JSON-RPC 2.0 in-
terface carried over the orchestrator’s standard in-
put and output. The orchestrator, in turn, ac-
cesses all tools through the Model Context Proto-
col (MCP)2, which is becoming the de facto stan-
dard for connecting language models to external tools.
The model itself is served locally behind an OpenAI-
compatible endpoint3. As all interfaces are public

1https://agentclientprotocol.com
2https://modelcontextprotocol.io
3https://developers.openai.com/api/reference
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OFF-HOST / PUBLIC

RECORD & REPLAY

On-premise host

User
clinician / researcher

Agent Runtime (mistral-vibe)
Agent Client Protocol

plan + tool selection

Local LLM (Muse Glimmer)
OpenAI API via Ollama

Permission Gate
human approval + risk explanation

MCP Tool Stacks

medmcp-neuro
brain extraction, template registration, segmentation, …

medmcp-cohort
cohort assembly, biomarker stratification, … 

Workspace 
directory
shared files

Contributors
external labs & clinical groups add new 
validated tools

GitHub Container registry

docker pull ghcr.io/medmcp/*

versioned domain stacks, pulled on demand

Replay Engine
deterministic, no model

Workflow
recipe.yaml

Provenance
manifest, run.jsonl, permissions.log

JSON-RPC 2.0
streamed response

proposes tool call (MCP)

read / write

distill

natural language

contribute new tools

docker pull at setup only

inspect

replay

call / observe

record every call

audit log

Workspace

approval prompt
user approves / denies

Figure 1 An overview of the MedMCP architecture. The user interacts with the workspace via natural language, accesses
the MCP stacks’ capabilities, observes the workspace directory and interacts with the replay engine from there. Imaging
capabilities are grouped in separate tool stacks that are community-contributed MCP servers gated by a human-in-the-
loop permission gate. Every interaction, permission, and tool call, is logged and can be distilled into a workflow that
can be replayed without the agent in the loop.

and implementation-independent, each layer can be
replaced in isolation: a newer model, a different infer-
ence server, or tools written in other languages can be
integrated without modifying MedMCP.

4.1 One Request, End to End

We introduce MedMCP’s architecture by tracing an
exemplary interaction through the entire system. Con-
sider a user who opens a T1-weighted scan in the
workspace viewer and provides the following instruc-
tion: “remove the skull from this scan and register it
to MNI space”.

Originating from the UI, the workspace (Section 4.2)
sends the request to the orchestrator along with a
note identifying the currently displayed file, so that
“this scan” resolves to the user’s currently selected file
rather than requiring the model to guess. The orches-
trator (Section 4.3) appends the request to the conver-

sation and instructs the local model to continue, sup-
plying the descriptions of every tool that the installed
stacks (Section 4.4) currently expose. The model an-
swers with either text or a structured tool call, i.e.,
the tool name and its arguments.

Proposed tool calls are not just executed, but are
gated by approval of the user (Section 4.5), who is
provided with a dialog listing the tool, tool arguments
and intended usage, accompanied by a one-line, plain-
language summary of the workflow and its associated
risk level from a predefined risk label set indicating
permission-levels. The call is only forwarded, via
MCP, to the stack that owns the required tool after
user approval. The stack executes the validated imple-
mentation, in this case brain extraction and registra-
tion, reading and writing files in the shared workspace
directory. The file explorer and viewer periodically
refresh, so that a newly appearing brain mask is ren-
dered visible. The tool call is appended to the ses-
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Figure 2 An example view of the MedMCP workspace containing an interactive file explorer (top left), a medical image
viewer with support for all common file formats (top right), a replay engine for (re-)running distilled workflows (bottom
left), and the chat interface (bottom right) that is used for calling tools and handling permission gating.

sion’s provenance record (Section 4.6). The result is
forwarded to the conversation, and the model/user
loop is repeated until the model produces the final
textual answer to the user’s instruction. By design,
the complete exchange remains local on the host. No
image, identifier, or intermediate result leaves the lo-
cal setup.

4.2 Workspace

The workspace is implemented as a FastAPI4 server
that serves a React and TypeScript application. In
the current version, we provide a four-panel design
with a file explorer, a medical-image viewer, a replay
engine, and the agent chat. An example view is shown
in Figure 2.

MedMCP interacts with a single directory only. This
directory serves as the root of the file explorer, the
source for the viewer, and the working directory for
the agent’s tools, so the user always sees the files the
tools read and produce. The viewer selects a ren-
derer by file type, i.e. volumetric images are shown in
an interactive multiplanar and 3D display, built with
Niivue5, that also supports overlaying segmentation

4https://fastapi.tiangolo.com
5https://niivue.com

masks over its source image, while documents, code,
2D images, and tables fall back to appropriate pre-
views. Explorer and viewer reload whenever a tool
call completes, or a turn ends, so results appear with-
out a manual refresh.

The chat panel streams the model’s answer as it is gen-
erated, renders each tool call as an inspectable card,
hosts the approval dialogs, and reports the model in
use and how much of its context window is occupied.
The workspace is also used to interact with persistent
conversations.

4.3 Orchestration
The orchestrator is a long-running agent-runtime pro-
cess that owns the conversation loop. One process
serves every open chat, with sessions kept apart by
identifier. Our local LLM inference is currently han-
dled by Ollama6, serving an open-weights Muse Glim-
mer model 7 for our reference implementation. We
also provide an easy way to change the model depend-
ing on the available hardware and will regularly up-
date our reference implementation.

The model’s job is narrow by construction. On each
6https://ollama.com
7https://developer.meta.com/ai/models/muse-glimmer/
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turn, it emits either text for the user or the name of
a tool with its arguments. It never emits code that
is executed against the data, and it never sees the
data itself, as images are passed between tools as file
paths. Two mechanisms steer its behavior without any
retraining: (1) a system prompt that fixes the scope of
the assistant, and (2) skills that describe how a stacks
tools work and how they are invoked correctly.

4.4 Tool Stacks
A tool stack is a unit of extension, i.e., one MCP server
exposing a related family of tools, packaged with its
own isolated environment, its own pinned dependen-
cies, and its own skills. Isolation is what makes in-
dependent contribution practical, as two stacks may
require incompatible versions of the same framework
without either affecting the other or the core.

Installing a new stack is a single action in the
workspace. The user picks it from a catalog of avail-
able stacks, MedMCP pulls the docker image, reads
the label, extracts the skills, and records a small
launch manifest. From that point, the stacks’ tools
become available across all sessions.

4.5 Permission Gate
Every tool call proposed by the model is intercepted
before execution and released only upon an explicit
user decision. There is no auto-approval path in the
system. An example permission gate is shown in Fig-
ure 3.

Figure 3 An example permission gate for the skull strip-
ping tool. The user sees the tool name, a natural language
explanation, and the arguments used for invoking the tool
(in this case only the input path).

The dialog shows the tool, the arguments it would be
called with, and a plain-language sentence explaining
what the action will do and what will change as a re-
sult. This sentence is produced by a short, separate
pass through the same LLM, prompted to write for a
reader with no technical background and to tag the
call against a fixed taxonomy of risk categories. Ev-
ery decision, approval, or rejection is written to an
append-only audit log.

This gate exists as the LLM can be steered by the
content it processes, e.g., a referral letter, a report,
or a tool’s own output may contain text that reads
as an instruction. Rather than attempting to detect

such attempts, the architecture requires that a person
authorizes each side-effecting action.

4.6 Provenance

Each conversation accumulates an append-only record.
A manifest, written with the first request, captures
the execution environment, i.e., the framework revi-
sion, the installed stacks with their versions or image
digests, the active model and its parameters, and the
platform. One normalized entry per completed tool
call is then appended to a log, recording the stack,
the tool, the arguments as they were finally resolved,
the structured result, the user’s permission decision,
the duration, and the outcome. The permission audit
trail is mirrored alongside. From these files, a human-
readable report can be rendered on demand that links
every output back to the tool, parameters, and inputs
that produced it.

4.7 Distilled Workflows and Determinis-
tic Replay

A session that successfully produced results can be
turned into a repeatable procedure. Distillation reads
the session’s record, discards the calls that carry no
reusable meaning, like exploration, failures, and any-
thing the user rejected, and generalizes remaining tool
calls by replacing the concrete file paths with named
placeholders, separating the inputs the workflow con-
sumes from the values earlier steps produce. The
result is a pair of files: a machine-readable recipe
and a human-readable description drafted by the lo-
cal model, with a mechanical rendering as a fallback
so distillation never fails outright. A workflow can be
exported as a single self-contained file (steps, inputs,
documentation, and the stacks it requires, pinned by
version or image digest) and imported by other users,
researchers or collaborators. An example workflow is
shown in Figure 4.

A recipe re-executes through a replay engine that runs
without the language model. The engine first validates
the recipe, reporting missing inputs or stacks that are
not installed, then substitutes the new inputs, starts
the required tool servers, and executes the recorded
steps in order, feeding each step’s declared outputs
into the next step’s arguments exactly as in the orig-
inal session. The same engine runs a whole cohort
in one batch: the servers are started once and reused
across all cases, each case is validated on its own in-
puts, and a failure in one does not abort the rest. Be-
cause replay deliberately bypasses both the model and
the interactive permission gate, it is never triggered
silently. The workspace shows the fully resolved steps
and requires an explicit confirmation before the first
tool runs.

Together, these three mechanisms determine what a
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1 medmcp_workflow: 1
2 name: brain - ex t rac t i on - and - r e g i s t r a t i o n
3 d e s c r i p t i o n : A workflow to remove non - bra in t i s s u e and r e g i s t e r a bra in MRI scan to a standard template .
4 r e qu i r e s :
5 - s tack : medmcp- neuro - core
6 image: ghcr . i o /medmcp/neuro - core :main
7 d i g e s t : sha256:47 a8a70c0727f52bde52025f20ef9a6087dbc7e2c3361603a2702069a792fda4
8 inputs :
9 - name: in_1

10 example: /home/medmcp- data /patient_01/ v i s i t_01 /t1n_3d . n i i . gz
11 d e s c r i p t i o n : the input_path f o r medmcp- neuro - core : s ku l l_ s t r i p
12 s t ep s :
13 - s e r v e r : medmcp- neuro - core
14 t o o l : s ku l l_ s t r i p
15 arguments:
16 input_path: ’ {{ in_1}} ’
17 produces :
18 brain_path: s tep1 . brain_path
19 input_path: s tep1 . input_path
20 - s e r v e r : medmcp- neuro - core
21 t o o l : reg i s ter_to_template
22 arguments:
23 input_path: ’ {{ step1 . brain_path }} ’
24 sku l l_s t r ipped : t rue
25 transform_type: syn
26 produces :
27 reg i s t e red_path : s tep2 . r eg i s t e red_path
28 t rans form_pre f ix : s tep2 . t rans form_pre f ix
29 template_path: s tep2 . template_path

Figure 4 The workflow brain-extraction-and-registration that has been distilled from an example session in which the
user first skull-stripped a T1 scan and then registered it to a template. The workflow can now be applied to another T1
scan.

session leaves behind. The permission gate governs
what happens while it runs, provenance records what
happened, and distillation converts what happened
into something that can be run again, by someone
else, on new data, without the model in the loop.

5 Call to Action

The argument of this paper is that accessibility scales
with the community rather than a single team, which
makes the following requests substantive rather than
rhetorical.

To method developers: ship a stack alongside your
paper. A stack is one MCP server, its pinned en-
vironment, and its skills. Writing one is a bounded
engineering task, considerably smaller than building
a user-facing interface, and it is paid once. In ex-
change, a method becomes invocable in natural lan-
guage, gated, logged, and replayable by users who
would otherwise never run it. We call for a stack being
considered a normal release artifact of a methods pa-
per, next to the repository and the model weights. We
provide easily adaptable tool stacks and containeriza-
tion, CI/CD utilities and offer to host validated tools
within the medmcp organization8.

To clinicians and clinical researchers: use it and
tell us where it fails. The failure modes that matter
most are the ones encountered in real sessions with

8https://github.com/medmcp

real data and real questions. Reports of failures such
as incorrect tool selection, unclear approval dialogs,
and results that appeared plausible but were not are
valuable contributions. We invite you to share your
reports and desired functionality, including extensions,
with us, and to collaborate on resolving and integrat-
ing them.

6 Discussion

This paper accompanies the initial public release of
MedMCP and describes a starting point and vision,
not a finished system. MedMCP provides a general
framework for making validated medical imaging tools
usable through natural language, with local execution,
human oversight and full provenance built in by de-
sign. Its defining choice is to constrain the agent to
a fixed set of validated tools rather than allowing it
to generate code at runtime. This restriction trades
flexibility for reliability: requests without a match-
ing tool cannot be served, but every operation that
does run has known, tested behavior, and errors sur-
face as visible failures rather than plausible-looking
results (Dratsch et al., 2023; Patil et al., 2024). In a
clinical research context, we consider this the appro-
priate balance. The practical consequence is that the
utility of the framework scales with the coverage of
its tool ecosystem, which is why MedMCP is designed
around community contribution rather than central-
ized development.

Several limitations and open questions remain. Or-

7
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chestration quality depends on the locally served lan-
guage model, which may select an inappropriate tool
or resolve arguments incorrectly. The approval dia-
log exposes each proposed call before execution, but
this safeguard is only effective if users engage with
it, and how well the permission gate holds up against
approval fatigue in daily use is something only real de-
ployments can tell us. Community-contributed stacks
shift the burden of correctness to their contributors.
The ecosystem will therefore require curation mecha-
nisms, including registry review, standardized tests on
reference data and machine-readable declarations of
each tool’s validated domain, although which of these
mechanisms work at scale is yet to be established. Fi-
nally, local inference presupposes local GPU resources,
which constrains adoption in low-resourced settings.

The framework readily extends beyond its current
scope. The initial stacks emphasize neuroimaging, re-
flecting the authors’ backgrounds, but the same pack-
aging conventions apply to other imaging domains. In-
tegration with institutional archives and community
standards such as BIDS (Gorgolewski et al., 2017) will
support cohort-scale studies, for which the batch re-
play engine already provides the execution substrate.

We are aware that we do not have all the answers
yet. Which workflows practitioners actually attempt,
where the orchestration fails, and what makes an ap-
proval dialog trustworthy rather than merely reassur-
ing are empirical questions that this release is designed
to surface, and this living document will evolve with
the answers, incorporating user studies, orchestration
benchmarks and experience from institutional deploy-
ments as they accumulate. None of the directions
outlined here are settled, and we consider that a fea-
ture of the project rather than a shortcoming: where
MedMCP goes next should be shaped by the peo-
ple who use and extend it. We therefore explicitly
invite discussion, whether on tool curation, orchestra-
tion models, clinical deployment, or directions we have
not considered, and we are happy to engage. What we
do propose with confidence is a change in how imaging
methods are released: the stack as a standard compan-
ion of a methods paper, alongside the code repository
and model weights. The contribution required of a de-
veloper is deliberately small, and in return a method
becomes accessible to practitioners who would other-
wise never run it. We anticipate that as the ecosystem
grows and this journey unfolds alongside its commu-
nity, MedMCP will help close the persistent gap be-
tween the pace of methodological progress in medical
imaging and its adoption in clinical research practice.
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Impact Statement

MedMCP removes the barrier between validated med-
ical imaging methods and the practitioners who need
them. Centers without dedicated imaging engineers
gain access to state-of-the-art analysis, every result is
traceable and replayable, and no data ever leaves the
institution. Once stacks become standard companions
of methods papers, each published method turns into
a capability the entire community can use the day it is
released. We are convinced that agentic frameworks of
this kind will define how medical imaging research is
conducted, with natural language as the interface and
validated tools as the substrate, and with MedMCP
we intend to actively shape that future rather than
wait for it.

Risk Assessment

The same lowered barrier that drives these bene-
fits, however, also creates the risks we assess below.
MedMCP is research software, not a medical device.
It carries no regulatory clearance, and wrapping a
tool in a conversational interface does not extend that
tool’s intended use, its approved indication or the pop-
ulation in which it was validated. Outputs must not
inform diagnostic or treatment decisions without in-
dependent verification by a qualified professional, and
responsibility for regulatory compliance remains with
the deploying institution.

The most serious risk the framework introduces is out-
of-distribution use. The same interface that lets a
clinician run a segmentation model without command-
line experience also lets them run it on data the model
was never validated for: a different scanner, sequence,
field strength, age group or pathology. A manual in-
vocation exposes at least some of these assumptions
through documentation and parameters, while natural
language hides them. Skills let tool authors declare
intended use, and the workspace is built so that ev-
ery intermediate result can be inspected rather than
assumed. These mitigations are partial. A conven-
tion by which tools declare their validated domain in
machine-readable form, and by which the orchestra-
tor checks it against the data at hand and surfaces
mismatches to the user, is in our view a necessary
direction for the ecosystem.

A second risk is automation bias. The permission
gate protects users only if they actually engage with
it: fluent, plain-language explanations may them-
selves increase unwarranted trust, and repeated ap-
proval of routine calls tends toward reflexive confir-
mation (Dratsch et al., 2023). We deliberately pro-
vide no auto-approval path and no standing per-tool
approvals, but we do not claim this eliminates the
problem. Provenance and the inspectable workspace
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are intended to support verification, not to substitute
for it.

Finally, local inference requires local hardware. A
framework whose stated aim is democratization is
nonetheless bounded by the availability of GPUs and
could, in principle, widen rather than narrow the
gap between well-resourced and low-resourced set-
tings. Keeping the reference implementation runnable
on modest, single-GPU workstations is therefore a de-
sign constraint we intend to maintain as the frame-
work grows.
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