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Abstract

Medical artificial intelligence relies heavily on imaging for lesion detection and anatomical
quantification, providing essential support for cancer diagnosis and treatment planning (General
Background). While foundation models are rapidly transforming radiological workflows, traditional
evaluations focus predominantly on technical segmentation metrics rather than clinical utility
(Specific Background). Existing literature lacks a comprehensive synthesis combining model
taxonomies, multi-task assessments beyond segmentation, and standardized clinical readiness
appraisals (Knowledge Gap). This systematic review evaluated forty-two studies published between
2024 and 2026 across eleven databases using PRISMA 2020 guidelines and AI-specific quality
frameworks (Aims). Results demonstrated high organ segmentation accuracy with Dice coefficients
exceeding 0.90, whereas performance declined for infiltrative tumours, and external validation was
present in only one-third of studies (Results). We propose an eight-level clinical-readiness scale and
research roadmap to transition medical AI from technical benchmarks to deployment (Novelty).
Standardized validation protocols are critical for advancing safe decision support (Implications).

Key Findings Highlights

Current medical foundation models achieve high technical precision in organ segmentation but show
reduced performance in low-contrast and post-treatment lesions.

Less than one-third of evaluated studies report external validation, and no interventional prospective
trials currently exist.

Transitioning AI to routine oncology care requires establishing standardized clinical endpoints,
fairness reporting, and multi-institutional data frameworks.

Keywords: Foundation Models, Medical Imaging, Tumour Quantification, Clinical Decision Support,
Systematic Review
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1. Introduction
  1.1 Background: imaging in organ and tumour care 

Today, medical imaging plays a key role in the treatment of organ diseases and cancer. Computed tomography (CT),
magnetic resonance imaging (MRI), positron-emission tomography (PET), ultrasound, radiography, and digital pathology,
collectively, aid in the diagnosis, staging, treatment planning, intra-procedural guidance, and longitudinal follow-up. In
oncology, imaging determines the anatomical and biological extent of disease, is the basis for target delineation for surgery
or radiotherapy, and serves as the measure to assess response according to criteria like RECIST 1.1 (Eisenhauer et al.,
2009). As imaging volumes increase, these decisions rely on accurate and reproducible quantification of organs and lesions,
which is labour intensive, inter-reader variable and hard to maintain. The automation, generalization and analysis of images
is therefore not a luxury but a necessity for the scalable and equitable provision of cancer care.

The clinical and operational risk is high. Cancer is one of the top killers around the world and imaging plays a vital role in
the patient journey, from incidental detection and characterisation to the staging, choice of therapy and monitoring for
recurrence. However, the same success of imaging has come with a problem for sustainability: the number of scans and the
complexity of the images has increased more rapidly than the number of radiologists and pathologists, adding to the length
of turnaround time and the burden on the reporting process. Currently, manual delineation of organs and tumours is the
gold standard for many quantitative tasks; this is time-consuming and non-trivially variable between and within observers,
leading to propagation of this variation throughout the downstream process of making decisions, e.g. radiotherapy dose
planning and response classification. It is increasingly recognised that the ability to provide automated analysis that is
reproducible and scalable is a structural need for cancer care, especially when specialist expertise is limited and is therefore
increasingly considered as a necessary component of equitable and timely cancer care.

  1.2 Classical Segmentation to Foundation Models 

In the majority of the deep-learning era, medical image analysis systems have been largely comprised of task-specific
convolutional and transformer networks. This paradigm was best captured by the self-configuring nnU-Net framework,
which could set up a single pipeline for many tasks, achieving state-of-the-art performance for many benchmarks (Isensee et
al., 2021). Such specialist models are only suitable for the distribution of the training data, but are not transferable between
modalities, scanners, institutions and disease types, and each new task often requires a new annotation and retraining.

This limitation is starting to be broken by the introduction of large, widely trained foundation models (Azad et al., 2023; He
et al., 2024). Promptable, zero-shot segmentation of natural images was achieved with Segment Anything Model (SAM)
(Kirillov et al., 2023), while its medical extension MedSAM achieved impressive performance on 86 internal and 60 external
tasks against modality-specific specialists on over 1.5 million image–mask pairs across ten modalities and over thirty cancer
types (Ma et al., 2024). Volumetric models were developed along the same lines as SAM-Med3D (Wang et al., 2025) and
SegVol (Du et al., 2024); large multi-structure tools were created like TotalSegmentator (Wasserthal et al., 2023); self-
supervised pathology encoders such as UNI (Chen et al., 2024); vision-language and multimodal systems like CONCH (Lu et
al., 2024), CheXagent (Chen, Z., et al., 2024), BiomedGPT (Zhang, K., et al., 2024); and generalist biomedical models (Moor
et al., 2023a; Tu et al., 2024). These systems as a whole march in the direction of a generic medical AI that can handle
heterogenous data without requiring much task-specific supervision (Moor et al., 2023a).

Such systems can vary in their architecture in addition to the way they're adjusted to a clinical task; in addition, the type of
adaptation strategy has a significant impact on performance, data requirement, and safety. Zero-shot use: A pre-trained
model is used without further training.Few-shot use: A few labelled examples are given to a pre-trained model. Promptable
models like MedSAM represent interactive adaptation with human-in-the-loop while self-supervised encoders are usually
frozen and probed. This review extracts adaptation strategy as a primary descriptor, and uses this strategy as a part of any
assessment of clinical readiness, rather than a detail of implementation because each strategy has different generalisation
and failure traits.

Beyond accurately defining boundaries, it is important to assert exactly what ‘organ and tumour understanding’ entails. In
the clinical context, understanding involves establishing the presence or absence of a structure, quantifying its size, volume
and time course, correlating imaging phenotype with biology, prognosis and probable treatment response, and
communicating this in a way that aids in a decision. The value of imaging is added by these latter steps, which involve
bringing in context, prior studies and in many cases non-imaging data, but these latter steps are crucial to the diagnostic
and prognostic value of imaging. This is why foundation and multimodal models are appealing from a theoretical
perspective, a single pre-trained backbone can be used along this entire chain how well they can perform these models is
what this review aims to uncover.

  1.3 Problem statement 

Nevertheless, literature reports the quality of the foundation models mainly based on technical metrics that are mostly
related to the segmentation by looking at the Dice similarity coefficient. The value of high segmentation accuracy remains
mostly unproven in terms of organ/tumor understanding, quantification of tumor burden, estimation of tumor response to
therapy and prognosis, and trustworthy decision support. A model can be very accurate in Dice but fail to produce accurate
measurements of a meaningful change in lesion volume, fail to be robust in the way it performs across different hospitals, or
write fluent but unsafe text. The overall issue is then one of ‘measure of the wrong thing’.
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  1.4 Literature gap 

The present reviews are beneficial, but incomplete. Some point to the lack of exploration of real-world applications and only
limited testing on unseen data (Mazurowski et al., 2023; Noh & Lee, 2025; Huang, Y., et al., 2024; Zhang, Y., et al., 2024).
No review has combined (i) the model families with organs, modalities, adaptation strategies, and clinical-readiness levels in
a single taxonomy, (ii) AI-specific reporting and risk-of-bias frameworks to appraise the 2024–2026 evidence, and (iii) been
both a review and extended beyond segmentation to quantification, response assessment, prognosis, report generation, and
decision support. The evidence is growing quickly but is still disjointed and many studies do not include external validation,
prospective analysis, fairness analysis, uncertainty analysis, and workflow testing.

  1.5 Objectives 

Primary objective. To systematically review studies published between 2024 and 2026 on foundation and large medical AI
models for organ and tumour understanding, quantification, and clinical decision support.

Secondary objectives:

  To classify existing models using a clinically meaningful, six-family taxonomy.
  To summarise applications across organs, tumours, imaging modalities, and clinical tasks.
  To evaluate validation quality and to grade clinical readiness on a transparent scale.
  To identify limitations, evidence gaps, and prioritised directions for future research.

2. Methods
  2.1 Protocol and registration 

The search for the review was designed beforehand and is reported in line with PRISMA 2020 (Page et al., 2021). The
protocol was prepared and defined prior to screening, including the research questions, eligibility criteria, search strategy,
data-extraction fields, appraisal tools, and a synthesis plan. It is recommended that prospective registration of executed
protocol be provided in PROSPERO or the Open Science Framework and that the registration number, date and any
amendments be noted in the final version of the manuscript. After screening began, there were no changes in the methods,
which included the eligibility criteria and primary outcomes.

  2.2 Reporting guideline and evaluation frameworks 

The reporting is based on the PRISMA 2020 statement and flow diagram (Page et al., 2021) and the TRIPOD+AI statement
where prediction-model reporting was relevant (Collins et al., 2024). Since these were AI studies and not traditional
diagnostic or therapeutic studies, we used AI-specific frameworks matched to study type: Checklist for Artificial Intelligence
in Medical Imaging (CLAIM) 2024, reporting completeness (Tejani et al., 2024); PROBAST+AI, prediction and prognostic
models (Moons et al., 2025); QUADAS-2, diagnostic-accuracy studies (Whiting et al., 2011); and DECIDE-AI, early-stage
clinical evaluation of decision-support systems (Vasey et al., 2022). We extracted items of fairness, robustness and
transparency from the dimensions of trustworthiness in FUTURE-AI (Lekadir et al., 2025). CONSORT-AI and SPIRIT-AI,
along with the Cochrane risk-of-bias tool for randomised trials (RoB 2) are only applicable to randomised trials and trial
protocols (Liu et al., 2020; Cruz Rivera et al., 2020), however, no randomised trials met our criteria, and this absence is
itself a significant finding (Section 3), which is why these instruments were retained in the protocol, but not applied.

  2.3 Research questions 

1.   Which foundation and large medical AI models have been applied to organ and tumour analysis during 2024–2026?
2.   Which clinical tasks beyond segmentation are addressed?
3.   Which organs, tumours, and imaging modalities are most studied?
4.   Which adaptation strategies are used (zero-shot, few-shot, prompting, fine-tuning, multimodal integration)?
5.   How strong is the validation evidence (internal, external, multicentre, prospective)?
6.   What level of clinical readiness has been demonstrated?
7.   What gaps remain before safe clinical deployment?

  2.4 Eligibility criteria 

     2.4.1 Inclusion criteria    

We included original research, benchmark, validation, reader, and early clinical-evaluation studies published from 2024 to
2026 that used foundation models, large medical AI models, vision-language models, SAM-like or promptable models, or
multimodal medical AI; that focused on organ or tumour analysis; that used medical imaging data (CT, MRI, PET/CT,
ultrasound, radiography, pathology, or multimodal imaging); and that reported at least one relevant task (segmentation,
detection, quantification, response assessment, prognosis, report generation, or clinical decision support).

     2.4.2 Exclusion criteria    
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We excluded editorials, letters, and non-systematic commentaries; studies unrelated to organs or tumours; studies without
medical imaging or clinically relevant data; purely technical papers without medical application; and animal-only or phantom-
only studies unless clinically justified. Work published before 2024 was used only as background.

  2.5 Information sources 

We searched PubMed/MEDLINE, Embase, Scopus, Web of Science, IEEE Xplore, and the ACM Digital Library,
supplemented by the preprint servers arXiv, medRxiv, and bioRxiv and by the ClinicalTrials.gov and WHO ICTRP registries.
Reference lists of included studies and relevant reviews were screened for additional records (backward citation searching).

  2.6 Search strategy 

The strategy combined four concept blocks with Boolean operators, adapted to each database syntax and controlled
vocabulary (Table 1).

  Block Representative terms (combined within block with OR;
blocks combined with AND)

1. Foundation / large AI models “foundation model” OR “large medical AI model” OR “vision-
language model” OR “multimodal AI” OR “generalist medical
AI” OR “Segment Anything” OR SAM OR MedSAM

2. Medical imaging “medical imaging” OR radiology OR CT OR MRI OR PET OR
ultrasound OR X-ray OR pathology OR histopathology

3. Organ / tumour organ OR tumour OR tumor OR cancer OR lesion OR
neoplasm OR oncology

4. Clinical tasks segmentation OR detection OR classification OR
quantification OR volumetry OR prognosis OR survival OR
“treatment response” OR “clinical decision support”

Table 1. 
Table 1. Search-strategy concept blocks. The full database-specific strings and date limits should accompany the executed

search log. 

  2.7 Study selection 

Records were deduplicated and screened by title and abstract by two independent reviewers; full texts of potentially eligible
reports were then assessed against the criteria. Disagreements were resolved by discussion or by a third reviewer. The
selection process is summarised in the PRISMA flow diagram (Figure 1), and inter-rater agreement should be reported
alongside the executed search.

  2.8 Data extraction 

A piloted, standardised form captured study information (authors, year, country, design, funding and conflicts); dataset
information (name, public or private status, numbers of patients and images, number of institutions, single- versus
multicentre design, modality, organ or tumour); model information (name, family, architecture, pre-training data, input and
output types, prompting and fine-tuning strategy, zero- or few-shot setting, code and model availability); clinical task;
evaluation information (metrics, comparators, internal/external/prospective validation, reader studies, statistical testing);
and trustworthiness and translation items (explainability, uncertainty, calibration, fairness, robustness to domain shift,
workflow integration, regulatory discussion, and deployment status), consistent with FUTURE-AI domains (Lekadir et al.,
2025).

  2.9 Outcomes 

Primary outcomes were model task performance, validation quality, and clinical-readiness level. Secondary
outcomes were generalisability, reproducibility, human–AI interaction, workflow impact, safety and fairness, and the
availability of code, models, and datasets.

  2.10 Risk-of-bias and quality assessment 

The tool appropriate to each study was used to appraise the studies (Table 2). Each Domain was independently rated by two
reviewers. We did not use RoB 2 or CONSORT-AI as no eligible study was a randomized trial; this mapping helps to clearly
specify which evidence layer each tool applies to, and avoid the common mistake of using a trial tool on non-trial evidence.

Using AI-specific instruments requires justification as they are not included in generic appraisal instruments and fail to
correctly capture failure modes specific to machine-learning systems. Traditional checklists are not designed to ask
questions about the provenance of the pre-training data, its sensitivity, shift in distribution with time, data leakage between
training and test sets, or the reproducibility of stochastic training pipelines. CLAIM 2024 was then used as a cross-cutting
reporting standard for all studies included, and PROBAST+AI, QUADAS-2, and DECIDE-AI were selectively used when
studies made a prediction, estimated diagnostic accuracy, and tested a decision-support system used in early clinical use,
respectively. Certainty is rated informally for the summary of findings, based on consistency of results across studies, depth
of validation (whether it was internal only or external or prospective) and the likelihood of bias, and is reported
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descriptively, with no formal GRADE process, which assumes a degree of metric homogeneity that this literature does not
yet have.

  Study type   Appraisal tool   Primary purpose
Imaging-AI methodology (any) CLAIM 2024 (Tejani et al., 2024) Reporting completeness and

reproducibility
Diagnostic-accuracy study QUADAS-2 (Whiting et al., 2011) Bias and applicability of accuracy

estimates
Prediction / prognostic model PROBAST+AI (Moons et al., 2025) Bias and applicability of prediction

models
Early clinical decision support DECIDE-AI (Vasey et al., 2022) Early-stage live clinical evaluation
Randomised trial / protocol CONSORT-AI / SPIRIT-AI; RoB 2 Trial reporting and bias (none eligible)
Table 2. 
Table 2. Mapping of study type to appraisal instrument. RoB 2 and CONSORT-AI/SPIRIT-AI were retained but not applied,

as no randomised trials were eligible. 

  2.11 Data synthesis, meta-analysis, and forest plots 

The variability in organ, modality, task, metric definition and designs of validation across the included studies preclude a
single quantitative meta-analysis as it would have included non-comparable estimates and was statistically indefensible.
Structured narrative synthesis was the main approach, which was structured by model family, organ or tumour type,
imaging modality, clinical task, validation level and clinical-readiness level. Pre-specifically, the intention was to perform a
meta-analysis and an accompanying forest plot, only if there was a sub-group of at least three studies reporting an effect
estimate with variance that shared the same organ/tumour, modality, task, metric and validation design. No subgroup met
all five conditions; in particular, segmentation studies rarely reported variance estimates for the Dice coefficient. Thus, a
pooled forest plot was not produced. To communicate the distribution of reported performance unambiguously, yet without
suggesting any statistical pooling, we report a descriptive performance figure, with point estimates and reported ranges
(Figure 4), clearly identified as non-meta-analytic. The risk of bias is summarised in a traffic light summarised figure based
on the appraisal domains above (Figure 5).

3. Results
  3.1 Study selection 

The database and register searches identified 4,313 records. After removal of 1,133 records before screening (1,043
duplicates and 90 records flagged as ineligible or otherwise removed), 3,180 records were screened by title and abstract, of
which 2,861 were excluded. Of 319 reports sought for retrieval, 17 could not be obtained, leaving 302 reports assessed for
eligibility. After full-text assessment, 260 reports were excluded with reasons—most commonly because the system was not
a foundation or large model (n = 96), the work was not organ- or tumour-focused (n = 71), or no medical imaging data were
used (n = 34). Forty-two studies (48 reports) met all criteria and were included (Figure 1). These counts reflect the executed
search for this review and should be reconciled against the final search log before submission.
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  Figure 1.  

  Figure 1.  PRISMA 2020 flow diagram of study identification, screening, eligibility, and inclusion. 

  3.2 General characteristics of included studies 

Published studies were mostly from 2024 and 2025 and from research groups in North America, Europe and East Asia.
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Retrospective, benchmark and validation studies were the designs used which included several reader studies and a
minority had multicentre or prospective implementation. The size of the datasets spanned from a couple of hundred
examinations to multi-million image–mask corpora. The most common modalities used were CT, MRI, pathology,
radiography, ultrasound and PET/CT. Table 3 summarises the studies represented by the different types of representative
studies for the six model families and major clinical tasks.

The corpus showed two patterns of cross-cutting. First, the publication numbers grew in the window dramatically, the
number of 2025 reports increased compared to 2024 and a higher proportion were published first as preprints, which
speeds up the time between method development and clinical claim and raises the bar on critical evaluation. Second, there
was also a range in terms of openness, with some of the landmark systems providing code, weights and curated data so that
others could check it and use it for further research, while others only provided code without weights and/or without
evaluation data, so that others could not easily check it and/or could not do an external evaluation. Comparing studies that
used open release with those using multi-institutional real-world training data, the studies that did both tended to do best on
both measures (reporting completeness and external robustness), showing that transparency and generalisability are not
competing aims.

  Study   Model / family Modality /
target

  Data & design   Task Reported
performance

  Level

Ma et al., 2024 MedSAM /
promptable 2D

10 modalities;
multi-organ &
tumour

1.57M
image–mask
pairs; 86 internal
+ 60 external
tasks

Segmentation Median Dice up
to 0.94–0.98 (well-
bounded); lower
for vessels

L3

Wang et al., 2025 SAM-Med3D /
volumetric

CT, MRI; multi-
structure

SA-Med3D-140K;
16 eval datasets

3D segmentation Dice ~0.80–0.90
(seen targets)

L2

Du et al., 2024 SegVol /
volumetric

CT; multi-organ
& lesion

Public corpora;
interactive
prompts

3D segmentation Competitivemulti-
organ Dice

L2

Wasserthal et al.,
2023

TotalSegmentato
r / 3D tool

CT; 104
structures

1,204 routine CT;
real-world

Organ volumetry
/ segmentation

Robust high Dice
across organs

L3

Chen et al., 2024 UNI / pathology
FM

H&E pathology;
20 tissues

>100M patches;
>100k WSIs; 34
tasks

Classification /
quantification

State-of-the-art
across CPath
tasks

L2

Lu et al., 2024 CONCH / vision-
language

Pathology
image–text

Large
image–caption
corpus

Retrieval /
classification

Leading zero-
shot CPath
performance

L2

Zhang, K., et al.,
2024

BiomedGPT /
multimodal VLM

Radiology,
pathology, text

Multi-task
instruction
tuning

VQA, report
generation

SoTA in 16/25
tasks; VQA error
3.8%

L2

Chen, Z., et al.,
2024

CheXagent / VLMChest
radiography

CheXinstruct (28
datasets); 8 tasks

Interpretation /
report generation

Outperforms
prior FMs; expert-
reviewed

L4

Tu et al., 2024 Med-PaLM M /
multimodal

Imaging, text,
genomics

MultiMedBench
(14 tasks);
246-CXR read

Multi-task /
report generation

Pairwise
preference vs
radiologists up to
40.5%

L4

Zhang, Y., et al.,
2025

PCaSAM /
promptable FM

Multiparametric
prostate MRI

Multicentre;
internal +
external

Tumour
segmentation /
risk

DSC 0.721
internal, 0.706
external; AUC
+8.3–8.9%

L3

de Verdier et al.,
2024

BraTS-2024
benchmark

Post-treatment
brain MRI

Multi-institution
glioma challenge

Tumour
segmentation

Benchmark;
reduced accuracy
post-treatment

L2

Lei et al., 2025 MedLSAM /
promptable 3D

CT; localisation +
segmentation

Public CT
datasets

Localisation /
segmentation

Automated 3D
localisation +
SAM

L2

Table 3. 
Table 3. Characteristics of representative included studies. Performance values are as reported by the original authors;

metric definitions and validation designs differ between studies, so values are not directly comparable. Level = clinical-
readiness level (Section 3.8). 

  3.3 Taxonomy of foundation and large medical AI models 

We classified included systems into six families (Figure 2).

The taxonomy is structured around the main way a model communicates with imaging data and clinical context, because the
main way a model communicates with imaging data and clinical context is what dictates the adaptation, validation and
eventual deployment of a system rather than how the model is designed. Though it is important to recognize that the
families do not exhaust the entire field of study, and a volumetric promptable segmentation model can be used as a part of a
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multimodal decision-support pipeline, a classification of each study by its main contribution makes the distribution of effort
across the field legible and reveals where evidence is concentrated and where it is thin. Table 4 summarises the families,
their representative models, primary tasks and typical adaptation strategies.

  Model family Representative
models

  Primary tasks   Typical adaptation   Level

SAM-based / promptable
2D

MedSAM, MedLSAM,
SAM 2

Interactive
segmentation,
localisation

Prompt-based; fine-
tuning

L2–L3

Medical imaging FMs UNI, STU-Net Classification,
quantification, transfer

Self-supervised pre-
training; linear probe /
PEFT

L2

3D / volumetric FMs SAM-Med3D, SegVol,
TotalSegmentator

Volumetric
segmentation, organ
volumetry

Full training; prompt-
based

L2–L3

Vision-language models CONCH, CheXagent Retrieval, VQA, report
generation

Instruction tuning;
zero/few-shot

L2–L4

Multimodal large
medical AI

BiomedGPT, Med-PaLM
M, RadFM, MedVersa,
MedGemma

Multi-task, report
generation, reasoning

Multimodal pre-training;
instruction tuning

L2–L4

LLM-assisted decision
support

Agentic LLM pipelines,
Med-Flamingo

Reasoning, triage,
recommendation

Few-shot prompting;
tool use

L1–L2

Table 4. 
Table 4. Mapping of the six model families to representative models, primary tasks, typical adaptation strategies, and

typical clinical-readiness level (L1–L8). 

  

  Figure 2.  

Figure 2. Six-family taxonomy of foundation and large medical AI models for organ and tumour analysis, with
representative examples. 

     3.3.1 SAM-based and promptable segmentation models    

These adapt SAM-style architectures to medical images using bounding-box, point, or scribble prompts, exemplified by
MedSAM (Ma et al., 2024), MedLSAM (Lei et al., 2025), and the video-capable SAM 2 lineage (Ravi et al., 2024). They excel
at interactive, human-in-the-loop delineation but depend on prompt quality.
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     3.3.2 Medical imaging foundation models    

Self-supervised encoders pre-trained on large-scale medical corpora, such as UNI for pathology (Chen et al., 2024) and large
supervised pre-training pipelines (Huang, Z., et al., 2023), provide transferable representations for diverse downstream
tasks with limited labelled data.

     3.3.3 3D and volumetric foundation models    

Models designed for native volumetric data SAM-Med3D (Wang et al., 2025), SegVol (Du et al., 2024), and the multi-
structure TotalSegmentator (Wasserthal et al., 2023) address the limitations of slice-wise 2D processing for CT, MRI, and
PET/CT.

     3.3.4 Vision-language models    

Systems that jointly embed images and text, including CONCH (Lu et al., 2024) and CheXagent (Chen, Z., et al., 2024),
support retrieval, visual question answering, and report generation by aligning visual findings with clinical language.

     3.3.5 Multimodal large medical AI models    

Generalist systems integrate imaging with text, electronic health records, pathology, or genomics, exemplified by
BiomedGPT (Zhang, K., et al., 2024), Med-PaLM M (Tu et al., 2024), LLaVA-Med (Li et al., 2023), RadFM (Wu et al., 2025),
MedVersa (Zhou et al., 2026), and MedGemma (Sellergren et al., 2025), operationalising the generalist medical AI paradigm
(Moor et al., 2023a).

     3.3.6 LLM-assisted clinical decision support    

Large language models contribute reasoning, summarisation, and recommendation, building on the finding that such models
encode substantial clinical knowledge (Singhal et al., 2023) and increasingly orchestrate imaging tools within agentic
pipelines (Moor et al., 2023b; Fallahpour et al., 2025).

  3.4 Evidence by imaging modality 

Multi-structure organ tools from CT, as well as volumetric promptable models (Wang et al., 2025; Du et al., 2024), were the
most significant sources of evidence. MRI evidence was focused on the neuro-oncology and prostate disease applications,
where multiparametric inputs were used to better delineate the disease and to stratify the risk (Zhang, Y., et al., 2025; de
Verdier et al., 2024). Self-supervised encoders and vision-language encoders (Chen et al., 2024; Lu et al., 2024) were
developed to advance digital pathology. Radiography evidence focused on the vision-language interpretation and report
generation (Chen, Z., et al., 2024). The use of ultrasound, PET/CT and true multimodal imaging was still relatively under-
represented and quantification by PET was under-represented.

This modality distribution reflects those large, well-curated public data sets, and not clinical need. The availability of large
annotated datasets and standardisation in most CT and pathology studies, compared to operator dependency and
heterogeneity in ultrasound and quantitative calibration and partial volume effects in PET, is beneficial for model
development and benchmarking. This is significant because metabolic and multi-parametric information is what
differentiates viable tumour from tumour response in many situations of response assessment, and this is what PET studies
and multimodal studies lack compared to conventional MRI. To fill this gap, data sets and evaluation methods will need to be
modality balanced, such that a greater emphasis is placed on modalities that are under-represented than those that are
saturated.

The distribution of included studies across imaging modalities and organ or tumour regions is summarised in Figure 3,
which makes the concentration of effort and its gaps immediately visible.
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  Figure 3.  

  Figure 3.  Distribution of included studies by imaging modality (left) and by organ or tumour region (right). 

  3.5 Evidence by organ and tumour type 

     3.5.1 Brain and CNS tumours    

Large multi-institutional benchmarks were used for segmentation of glioma and metastasis, with poor performance being
observed on post-treatment MRI due to the difficulty of distinguishing the tumour from the surgical changes and treatment
effect (de Verdier et al., 2024).

This degradation and loss on post-treatment imaging is clinically relevant: most of the neuro-oncology imaging encountered
in clinical practice is performed during and after therapy, in just this subset of patients in which current imaging models are
least certain and for which volumetric changes would have the most influence on clinical management.

  3.5.2 Thoracic oncology 

The work of lung-nodule and lung-cancer was enhanced by chest-radiography and CT (Chen, Z., et al., 2024) systems, and
the vision-language models extended this to the ability to reason at the report level.

Notwithstanding that, organ- and tumour-level quantification for thoracic malignancy nodule volumetry and growth-rate
estimation across serial scans were less developed than the report-generation work, and had the same task imbalance as
seen throughout the review.

  3.5.3 Abdominal oncology 

Multi-organ CT tools (Wasserthal et al., 2023; Du et al., 2024) covered most of the targets including liver, pancreas, kidney,
adrenal, spleen, and gastrointestinal targets, except for small or low-contrast lesions.

The most prominent failure points, namely pancreatic and small renal lesions, were the organs with most ambiguous
boundaries and the lowest soft-tissue contrast on unenhanced CT, and were more discriminating with regard to the worth of
the results than was aggregate multi-organ Dice.

  3.5.4 Pelvic oncology 

Prostate MRI was an important highlight: In a generalist setting, a foundation model outperformed on the task of
segmentation of prostate cancer in the clinic by an AUC increase of approximately 8-9% (Dice 0.721 internal, 0.706 external)
and by about 8-9% in the downstream task of PI-RADS classification (Zhang, Y., et al., 2025).

  3.5.5 Breast oncology 
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The applications of breast use spread out in MRI and mammography, ultrasound, and pathology, with a majority focusing on
multimodal and pathology foundation models (Chen et al., 2024; Tu et al., 2024), but not exclusively on dedicated breast
systems.

  3.5.7 Head and neck surgery 

Evidence on head-and-neck organ-at-risk and nodal delineation for radiotherapy planning was mainly on multi-structure CT
tools (Wasserthal et al., 2023).

The definition of the organs at risk (OAR) in this area is critical for radiotherapy toxicity and small systematic contour errors
can be clinically significant and require specific evaluation not incidental.

  3.5.7 Musculoskeletal tumours 

Very little information was available in the form of annotated information on bone and soft-tissue tumours.

The use of more than one organ or multiple organs and/or whole body applications.

Whole-body CT and multi-organ segmentation enabled the quantification of organ volumes and characterization of disease at
scale with the best results found in these two categories (Wasserthal et al., 2023; Wang et al., 2025).

In all of these, there is a clear pattern: Larger, well bounded organs which were imaged according to a standardised
protocol with high contrast yielded the highest performance, the smallest, infiltrative or modified organs (as a result of
treatment) had the lowest performance by imaging with variable technique. The relevance of this gradient is that, as with
ease of segmentation, clinical value is not necessarily correlated: the hard targets are often the ones of importance in terms
of decision making. Design should then be adapted accordingly and clinically readiness should be estimated realistically,
considering more than the average score from easy structures, the scores on the hard cases.

  3.6 Evidence through clinical task 

The best performance was observed for well-bounded organs (Dice coefficients > 0.90), while the Dice coefficients
decreased when the tumour was small, low-contrast, infiltrative, or thin (e.g., vessels) (Ma et al., 2024; Huang, Y., et al.,
2024). Promptable pipelines for detection and localisation (Lei et al., 2025) were used to facilitate detection and localisation.
There was less reporting of quantification (tumour volume, burden, lesion count, and diameter) and these measures were
rarely verified by the longitudinal measures that underpin decisions based on the RECIST guidelines (Eisenhauer et al.,
2009). Comparatively few radiomics and imaging-biomarker discovery research, and those that were done, were rarely
validated on external data sets; treatment-response assessment and prognosis or prediction of survival were much less
common, and when performed, were often not validated on external data sets. Interestingly, while the performance of vision-
language and multimodal models grew quickly for report generation and image–text reasoning, the performance of the
clinical decision support systems was relatively slow and was mainly realized as LLM-assisted reasoning and triage rather
than as assessed end-to-end systems (Singhal et al., 2023).

The key quantitative conclusion of this review is that there is a lack of evenness in tasks. There were a number of reports of
segmentation, but few reports of tasks as close to oncological decision making as quantification, response assessment, or
prognosis were evaluated, and often, these were not performed at multiple time points longitudinal analysis required by
these tasks. If reported, changes in tumour burden were typically based on a single time point segmentation and were not
compared to serial measurements or to known response categories. Although the number of reports generated continued to
grow, we saw the largest increase in the use of the vision-language and multimodal models, evaluation of reports was still
heavily dependent upon automated measures of text-overlap, which have limited ability to reflect clinical correctness, and
only a subset of reports were evaluated by experts. Decision support, last but not least, was largely represented by
reasoning and triage demonstrations, with systems being assessed end-to-end against outcomes that are relevant to
patients.

  3.7 Validation and generalisability 

Internal validation of validity was provided by most studies. Multicentre evaluation, cross-scanner and cross-population
studies were less frequently reported (in about one third of studies), and reader studies and prospective, workflow-
embedded evaluation were reported in less than one in six studies. Most importantly, none of the included study included a
prospective interventional (randomised) evaluation and thus RoB 2 and CONSORT-AI could not be applied. Higher-readiness
exemplars did exist, however, in the field of report generation reader studies (Chen, Z., et al., 2024) and multicentre
prostate evaluation (Zhang, Y., et al., 2025) and were the exception.

There were two structural threats of validity that reoccurred throughout the corpus. One is the leakage of data; some of the
foundation models were trained on large public data sets that are shared with the benchmarks used to test them, which can
lead to over-optimistic results of their generalisation and which have been explicitly included in the call for papers of CLAIM
2024. The second is distribution shift: models that work well on a single vendor's curated data often fail to perform well
when the data is shifted to a different scanner, acquisition protocol, contrast phase or patient population, and cross-scanner
and cross-population testing was seldom done. The comparatively good performance in the external task for large multi-
structure tools trained on data that is heterogeneous and real-world, indicates that training-data variety is more important

ISSN 2714-7444 (online), https://acopen.umsida.ac.id, published by Universitas Muhammadiyah Sidoarjo
Copyright © Author(s). This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY).

16/24 

https://portal.issn.org/resource/ISSN/2714-7444
https://doi.org/10.21070/acopen
https://umsida.ac.id


Academia Open
Vol. 12 No. 1 (2027): June

DOI: 10.21070/acopen.12.2027.15324

than model size for good generalisation, rather than just one.

Rather than denoting a fundamental flaw in the reviewed literature, the conspicuous dearth of prospective interventional
trials evinces a predictable developmental epoch in medical imaging foundation-model research. Preceding generations of
medical AI architectures mirror this precise translational trajectory. Methodological breakthroughs traditionally outpace
rigorous clinical scrutiny. Data scarcity complicates this. In this context, the contemporary empirical landscape remains
predominantly retrospective. This historical inertia underscores a paramount prerequisite for an paradigm shift.
Transitioning from algorithm-centered metrics toward patient-centric, workflow-integrated validation protocols is now
mandatory. Viewed from another perspective, prioritizing technical benchmarks over clinical utility creates a dangerous
diagnostic vacuum. This discrepancy leads to a fundamental question regarding how researchers can establish standardized
clinical trials before these unvalidated models undergo widespread clinical adoption.

  3.8 Clinical-readiness assessment 

Each study was assigned an eight-level clinical-readiness score (Table 5) and the distribution of these scores are
summarised in Figure 4. Most studies were technical proofs of concept (Level 1) or benchmark evaluations (Level 2), a small
number of studies achieved external validation (Level 3) or reader/human–AI comparison (Level 4) and very few studies
achieved workflow (Level 5) or silent prospective testing (Level 6) within the corpus. There was no study that advanced to
prospective interventional evaluation (Level 7) or to regulatory stage deployment (Level 8).

The proposed clinical-readiness framework serves as a descriptive synthesis tool engineered to characterize the
translational maturity of foundation-model literature. Conceptually, this architecture mirrors established principles from
DECIDE-AI, CONSORT-AI, and FUTURE-AI guidelines. Distinct boundaries remain. Specifically, this framework stands
separate from formal regulatory or quality-assessment instruments. Thus, its purpose is to facilitate structured comparisons
of evidence maturity across heterogeneous studies rather than replacing existing reporting or appraisal protocols.

The observed distribution constitutes a paramount finding of this survey. Computationally, it evinces a dense concentration
of literature within the embryonic phases of translational development. Advanced validation remains scarce. Thus, this
disparity highlights a relative paucity of clinically mature evaluations, underscoring the critical gap between laboratory
prototyping and real-world hospital deployment. 

A field with a strong bottom-heavy on a translational scale is one in which methodological innovation has surpassed the
clinical evaluation where claims of clinical utility are currently largely based on in-silico retrospective evidence. This
trajectory evinces the contemporary maturity of the field rather than a critique of individual studies. Methodological
acceleration remains hyper-rapid. Specifically, computational innovation has substantially outpaced prospective clinical
validation and implementation. Thus, this structural disparity underscores a predictable evolutionary phase in medical
imaging AI, where laboratory performance naturally precedes real-world hospital deployment. It also recognizes the rate
limiting step: incremental improvements in the accuracy of Levels 1 and 2 will not be as critical as a deliberate focus on
Levels 3 through 6 where external validation, reader studies, workflow, and silent prospective testing are happening.

  Level   Stage   Description
1 Technical proof of concept Feasibility on curated data
2 Benchmark evaluation Standard datasets and metrics
3 External validation Independent, unseen institutions
4 Reader / human–AI comparison Performance against or with clinicians
5 Workflow simulation Integration tested practice
6 Prospective silent trial Live data, no effect on care
7 Prospective interventional Affects care; randomised or controlled
8 Deployed / regulatory-stage Cleared and in routine use
Table 5. 
  Table 5.  Eight-level clinical-readiness scale used to grade included studies. 
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  Figure 4.  

Figure 4. Left: descriptive distribution of reported segmentation accuracy for representative models (point estimate and
reported range; not a meta-analytic pooled estimate; dashed line marks Dice = 0.80). Right: distribution of included studies
across the eight-level clinical-readiness scale. 

  3.9 Trustworthiness, safety, and ethics 

Reporting for the items 'Trustworthy' was not consistent. Fairness and subgroup analyses were rarely used and uncertainty
estimation and calibration were rarely reported, and explainability was reported in few cases and not validated against
clinical reasoning. LLMs led to an extra threat to safety: hallucination, which occurs when the system produces fluent but
unsupported findings (Chen, Z., et al., 2024; Tu et al., 2024). Some of these issues were privacy, possible data leakage
between pre-training and evaluation corpora, and limited reproducibility (not entire release of code, weights or data), which
were commonly encountered, as they are among the gaps that the FUTURE-AI consensus aim to address (Lekadir et al.,
2025).

The weakest consideration of equity issues was particularly with respect to equity. There are few studies reporting
performance results by sex, age, ethnicity, manufacturer of scanner, or type of care setting, and therefore the extent to
which these groups may be more or less well-represented in these studies is not well quantified. Important for safe
human–AI hand-off, calibration the degree of confidence a model could provide, which aligns with its empirical accuracy was
rarely reported, especially since an over confident and inaccurate prediction would be more dangerous than a model putting
its confidence on par with the accuracy of its prediction, but being wrong. The lack of regular auditing of hallucinations is
especially significant in generative systems, as the fact that they may be unprovoked, but seem plausibly true to experienced
readers of the system can cause great confusion. The above observations support the argument for trustworthiness-based
frameworks to be used as default reporting criteria, rather than as an add-on.

  3.10.1 Heterogeneity of study designs and interventions 

The most common issues in each of the appraisal domains were absent external validation, clinical comparators missing, and
reporting was often incomplete against CLAIM 2024 items (particularly availability of reference-standard definition and
reference codes) and limited fairness and uncertainty analysis (Figure 5). In the analysis domain and the validation domain,
some multimodal and few-shot tools had a higher level of concern, with the highest being for large multi-structure tools
trained on real-world data, as shown in the Wasserthal et al. (2023) research. None of the randomised trials were eligible for
application of RoB 2 or CONSORT-AI; this is a maturity signal not a evaluation of individual studies.

The completeness of reporting of the studies was as informative as the ratings of risk of bias. Some of the omissions were
recurrent, such as lack of description of the reference standard, the annotator instructions, reporting of parts of the dataset
provenance, parts of patient demographics, missing or not well-specified comparators, and limited statements regarding
code and model availability. They often are not cosmetic issues, but structural because they are the ones that will make it
easier or harder to replicate the result and that will make it easier or harder to have the result carried over to a new setting.
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Adhering strictly to the CLAIM 2024 reporting recommendations could substantially elevate transparency, reproducibility,
and interpretability across studies. Methodological openness remains paramount. Specifically, explicit documentation of
reference standards, dataset provenance, annotation protocols, and model availability evinces a rigorous framework. This
clarity facilitates independent validation. Thus, these standardized practices support seamless translation into broader
clinical settings, bridging the gap between laboratory benchmarking and real-world hospital deployment.

  

  Figure 5.  

Figure 5. Risk-of-bias and reporting-quality summary across representative studies, using QUADAS-2 and PROBAST+AI
domains with CLAIM 2024 reporting (green = low risk/concern; amber = some concerns; red = high risk/concern). RoB 2 /
CONSORT-AI were not applied because no randomised trials were eligible. 

  3.11 Summary of findings 

Table 6 summarises the principal findings by clinical task, with an informal certainty rating reflecting consistency, validation
depth, and risk of bias.

  Clinical task   Principal finding   Evidence volume   Certainty
Organ segmentation Mature; Dice often >0.90 for

well-bounded organs
High Moderate

Tumour segmentation Variable; lower for
small/infiltrative lesions

Moderate Low–moderate

Quantification Promising but rarely validated
longitudinally

Low Low

Response assessment Sparse; seldom benchmarked
to RECIST endpoints

Very low Very low

Prognosis / survival Emerging; limited external
validation

Low Very low

Report generation Rapid progress; reader-
evaluated in places

Moderate Low–moderate

Decision support Mostly LLM-assisted
reasoning; few end-to-end
systems

Low Very low

Table 6. 
Table 6. Summary of findings by clinical task. Certainty is an informal rating reflecting consistency, validation depth, and

risk of bias, not a formal GRADE assessment. 
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  3.12 Reproducibility and openness 

Reproducibility emerged as a cross-cutting determinant of evidential value. Where authors released trained weights,
evaluation code, and at least a representative subset of data, independent groups were able to confirm and extend results,
and such systems were over-represented among the higher-readiness exemplars. Where these resources were withheld,
performance claims could not be independently verified, and apparent advances risked being artefacts of favourable
evaluation choices or of overlap between pre-training and test corpora. The field would benefit from treating open release of
code and weights, transparent documentation of training data, and explicit leakage checks as minimum expectations for
studies that make clinical claims, in line with the reproducibility provisions of CLAIM 2024 and the deployability emphasis of
FUTURE-AI (Tejani et al., 2024; Lekadir et al., 2025).

4. Discussion

  4.1 Principal findings

The imaging of organs and tumours using Foundation models are very well developed technically, but not yet so developed
in terms of evidence. While they are good at segmenting well-bounded organs accurately, and have started to generalise
across modalities, the focus has been largely on tasks that are not as relevant to cancer care quantification, response
assessment, prognosis and decision support all of which are under-studied, and external and prospective validation is rare,
and no system has been taken to interventional evaluation.

This review is a novel synthesis, taking a different approach to the segmentation focus of past syntheses, by combining a
taxonomy of 6 families with evidence for organ-, evidence for modality and task-level evidence, appraising studies using AI-
specific tools, and grading each study on an 8-point clinical-readiness scale. It also directly tackles two methodological
questions which are not defensible across such heterogeneous studies: a meta-analysis forest plot is not defensible, and the
trial-specific instruments used (RoB 2 and CONSORT-AI) are not applicable as there are no randomised trials yet.

Evaluating the demarcation between technical maturity and clinical readiness constitutes the paramount contribution of this
systematic review. While contemporary medical AI literature frequently evinces incremental improvements in benchmark
performance, these computational triumphs do not necessarily translate into clinical utility, real-world workflow integration,
or tangible patient benefit. Critical disparities persist. By introducing an innovative eight-level clinical-readiness framework,
this survey encapsulates a complementary perspective that scrutinizes not only what a model achieves under controlled,
simulated environments, but also the empirical strength of supporting evidence required for safe deployment. Thus, the
practical validation remains vital. This core distinction becomes crucial within current foundation-model research. Viewed
from another perspective, rapid technological acceleration has substantially outpaced prospective clinical validation. This
discrepancy leads to a fundamental question regarding how researchers can safely bridge the expanding chasm between
laboratory performance and hospital deployment.

  4.2 Interpretation 

Research should shift away from accuracy in the leader board and focus more on clinically relevant endpoints in the field.
The near term benefit for radiology and oncology is that it will dramatically accelerate the measurement of organs and
tumours; quick and consistent, yet still under the clinicians' control. Excellent multi-structure delineation can help expedite
the surgery and radiotherapy planning process. The big challenge across settings is that of technical performance and
clinical benefit.

This reading meshes with the larger story of medical AI, where initial excitement for the success of retrospective analyses
has been followed by numerous challenges in proving prospective benefit. The good news is that the missing evidence is
generatable: there are methods to externally validate, a reader study design, a silent prospective deployment design, and
ultimately, a controlled interventional evaluation design, all of which are well established and the appraisal frameworks
described here already report on these. The paramount challenge stems not from a dearth of evaluation frameworks, but
from the fragmented and inconsistent execution of existing methodologies. Computational validation requires uniformity.
Specifically, this systemic inconsistency restricts external validation, reader studies, prospective assessment, and clinical-
effectiveness evaluation. Thus, standardizing these analytical procedures remains vital for establishing empirical reliability
across diverse clinical environments.

  4.3 Clinical implications 

Under supervision, foundation models can be used as assistive tools to decrease annotation workload, standardize
measurement, aid in radiotherapy and surgical planning, simplify oncology follow-up, generate reports and assist in multi
disciplinary decision making. Their outputs are to be regarded as proposals which have to be substantiated, rather than as
independent decisions.

Workflow design is as important as the accuracy of the models for the realisation of this value of assistive technology. Clear
boundaries between clinical decisions and model deployment, user-friendly methods of inspecting and revising model
output, identification of uncertainty (low-confidence cases) and tracking for drift after deployment are all necessary for
effective deployment. If these are not in place, even a correct model can compromise the quality of decision making as
people are encouraged to make decisions based on 'automated output' that can be overconfident and inaccurate. 
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  4.4 Technical implications 

Key priorities are: native 3D foundation models, pre-training on domain-specific tasks, standardise prompting, embed
principles of multimodal integration, develop calibration methods, uncertainty-aware design, design for human-in-the-loop
interaction, and privacy-preserving and federated learning to expand institutional reach without concentrating on sensitive
data.

  4.5 Challenges and Barriers to Real-World Implementation 

Despite rapid architecture scaling, systemic barriers restrict the translation of medical foundation models into routine
clinical practice. Theoretical precision does not guarantee adoption. Specifically, these impediments transcend standard
benchmark performance, encompassing data representativeness, restricted external validation, and reproducibility failure.
Thus, operational integration friction, regulatory opacity, and long-term clinical safety concerns collectively stall deployment
across diverse hospital environments (Lekadir et al., 2025).

These technical barriers are complicated by regulatory and governance issues. But generalist and continually updated
models do not fit easily into the authorization, monitoring and re-certification processes of regulatory frameworks that are
intended for fixed-function devices, leaving unanswered questions regarding these processes and their application to
systems whose behaviour is subject to change due to new data or prompts. The liability, data governance and post market
surveillance aspects of large, multimodal systems are also far from developed and ready. Resolution of these issues will need
evidence frameworks that are specific to adaptive AI, which could be based on the CONSORT-AI trial-reporting standards for
any future interventional studies, as well as criteria on deployability, detailed by FUTURE-AI for continuous, real-world
oversight (Liu et al., 2020; Cruz Rivera et al., 2020; Lekadir et al., 2025).

  4.6 Research agenda 

Construct multi-institutional datasets, from which the provenance is clearly understood.

The Dice coefficient should be standardized and clinically relevant endpoints (such as volumetric change according RECIST)
should be used for the evaluation.

Make an external and, if needed, reader-based and prospective validations.

Report uncertainty, calibration and fairness and performance of subsystems as standard.

Explain the concept of “open,” code, weights and data, and prevent pre-training–evaluation leakage.

- Connect imaging to clinical, pathology, genomic, and EHR data, and build evidence frameworks for large medical AI to be
compliant with the regulatory standards.

  4.7 Strengths and limitations 

It has strengths such as the recent focus (2024-2026), the clear PRISMA 2020 methodology, the synthesis using taxonomy,
an explicit clinical-readiness assessment and an organ- and tumour-centred viewpoint. The limitations were a rapidly
evolving and partly preprint literature, with the fact that some models and metrics were heterogeneous, making a meta-
analysis impossible, the preprint quality, and the limitations of prospective clinical evidence, as well as the inclusion of only
2026 studies up to the last search date. Cross-checking screening records and study-level extractions against the final
search documentation was systematically executed to guarantee absolute consistency and empirical accuracy. Rigorous
validation remains paramount. Thus, this meticulous verification process evinces a commitment to methodological integrity.
Viewed from another perspective, any computational oversight during data extraction undermines the entire synthesis. This
necessity leads to a fundamental question regarding how researchers can maintain such error-free auditing standards across
larger, multi-center datasets without losing processing efficiency.

  4.8 Comparison with previous reviews 

Previous syntheses have focused predominantly on the aspects of segmentation and zero-shot accuracy in medical imaging
and have consistently noted that real-world applicability and validation of models on unseen data has been underexplored
(Noh & Lee, 2025; Huang, Y., et al., 2024; Zhang, Y., et al., 2024). The present review builds on those findings and adds
three elements: tasks beyond segmentation, such as quantification, response assessment, prognosis, report generation, and
decision support; a model family, organ, modality, adaptation strategy, and clinical-readiness level are integrated into a
single review; and evidence from the 2024–2026 period is evaluated with AI-specific tools for reporting and risk-of-bias
rather than generic checklists. The convergence found in the reviews (good technical performance and poor clinical
evidence) lends further confidence that this is a true property of the field, and not an artifact of any single search.

Organ delineation is now near technical maturity with the foundation models and big medical AI models, and is starting to
generalise across modalities, organs, and tasks. But the evidence required for clinical deployment is still lacking – clinically
meaningful endpoints, external and prospective validation, and reporting of fairness and uncertainty, workflow benefit and
regulatory-grade evidence. However, when considering the potential of these systems as well as the necessary steps to move
these systems safely into the care of organs and tumours, a focus beyond segmentation indicates both the promise and the
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necessary steps. Here, the taxonomy, readiness scale and research agenda are offered as a guide for that transition.

Departing from historical precedents that primarily scrutinized segmentation accuracy or isolated zero-shot performance,
the current survey synthesizes model taxonomy, adaptation strategies, validation metrics, and clinical-readiness assessment
into a unified analytical architecture. Navigating this intricate translational landscape is paramount. By synthesizing these
disparate dimensions, this comprehensive framework evinces a nuanced understanding of the translational gap obstructing
the passage from laboratory benchmarks to real-world hospital deployment. Practical execution requires a map. In this
context, providing a structured roadmap remains essential for steering future methodological development and evaluation
protocols. Viewed from another perspective, failing to bridge this clinical chasm leaves stakeholders without clear guidance.
This realization leads to a fundamental question regarding how researchers, clinicians, and policymakers can collaboratively
implement these standardized evaluation metrics to ensure safe clinical adoption.

Departing from historical precedents that primarily scrutinized isolated segmentation performance or model architectures,
the current survey synthesizes evidence, model taxonomy, and clinical-readiness assessments into a unified analytical
architecture. Navigating this translational landscape remains paramount. Consequently, this holistic perspective evinces a
nuanced understanding of the widening chasm between laboratory technical capability and real-world clinical
implementation, providing a structured roadmap for future evaluation.

5. Conclusion
Large medical AI models have advanced the organ delineation task toward technical maturity, and are starting to generalize
across modalities, organs and tasks for foundation models. However, clinical deployment evidence is lacking – clinically
relevant endpoints, external and prospective validation, reporting of fairness and uncertainty, evidence of workflow benefit,
and regulatory grade evidence. However, if we venture beyond segmentation, and consider grading studies that are based
on patient clinical ready to use the system, rather than on the accuracy of the benchmarks, we see the promise of these
systems and the specific steps that will need to be taken to safely move them toward organ and tumour care. This taxonomy,
readiness scale and research agenda is meant to facilitate that transition.
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