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H I G H L I G H T S

▪  125 verified evaluations of multimodal foundation models mapped onto a six-level clinical

evaluation readiness ladder.

▪  Half the literature (49.6%) is benchmark-only and 87.2% never ran prospectively on live

clinical data.

▪  Only four studies (3.2%) were comparative trials, and none reported post-deployment

surveillance.

▪  Fairness reporting fell to zero in all 16 studies that reached prospective evaluation.

▪  Prospective evidence is ~18 months old, rising from 0% before 2025 to 25.7% in 2026.

Background: Multimodal  foundation  models,  pre-trained  at  scale  across  images,  text,

waveforms and structured clinical data, now rival specialist clinicians on selected bench‐

marks. Whether that performance reflects benefit or safety in real clinical environments is

unestablished.

Methods: Systematic  review  and  evidence-gap  map.  Eight  pre-specified  domains  were

searched using  100+ structured  queries  across  journals,  preprints,  proceedings  and trial  registries  (January  2021  to

August 2026). Eligible studies evaluated a model combining two or more modalities, pre-trained at scale, on a health task.

All records were primary-source verified. Studies were assigned to a pre-specified six-level Clinical Evaluation Readiness

Ladder (CERL) anchored to TRIPOD+AI, DECIDE-AI and CONSORT-AI, and coded on seven reporting domains, with

Wilson 95% confidence intervals.

Results: Of 182 records, 125 were included. Sixty-two (49.6%, 95% CI 41.0-58.2) were benchmark-only (CERL-0) and 47

(37.6%) retrospective; 109 (87.2%) never ran prospectively. Sixteen (12.8%) reached prospective evaluation, 11 (8.8%) live

clinician-facing  use,  4  (3.2%)  comparative  trials.  None  reported  post-deployment  surveillance.  External  validation

reached 39.2%, clinician comparator 44.0%, fairness 12.0%, safety 8.0% and robustness 3.2%. Fairness reporting was zero

in all 16 prospective studies; prospective evaluation rose from 0% pre-2025 to 25.7% in 2026.

Conclusions: The evidence base is broad at the benchmark end and near empty at the bedside. Prospective evidence is

roughly eighteen months old, equity reporting is thinnest closest to patients, and no system has been followed post-de‐

ployment.

Keywords: multimodal foundation models; medical vision-language models; clinical artificial intelligence; prospective

clinical validation; evidence-gap map; systematic review; algorithmic fairness in healthcare; post-deployment surveillance

Plain-language summary. Artificial intelligence systems that read scans, notes and clinical data together are often described

as ready for the clinic. This review checked all 125 published evaluations of such systems in medicine. Most were tested only

on public datasets; seven in eight were never run on live patient care; four were tested in a trial; and none was monitored

after  being deployed.  Reporting on whether  these  systems work equally  well  for  different  patient  groups disappeared

entirely in the studies conducted closest to patients.
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1. Introduction

The dominant paradigm in clinical artificial intelligence has changed twice in five years. The first shift replaced

hand-engineered features with task-specific deep learning. The second, beginning around 2021, replaced task-

specific models with foundation models, that is, large networks pre-trained on broad data at scale and adapted

to many downstream tasks by fine-tuning, prompting or transfer (Moor et al.,  2023).  When such a model

ingests more than one data type, whether images and text, or images, waveforms and structured records, it is a

multimodal foundation model. Medicine is intrinsically multimodal, and the appeal is immediate: a single

backbone that reads the radiograph, the report, the notes and the vital signs resembles how clinicians actually

reason.

Capability has advanced faster than most forecasts. Vision-language models generate radiology reports at a

standard that radiologists sometimes prefer to those written by their colleagues (Tanno et al., 2025; Zambrano

Chaves et al., 2025), and computed tomography foundation models trained on paired volumes and reports

now transfer across hundreds of downstream tasks (Blankemeier et al., 2026). Pathology foundation models

transfer across dozens of oncological tasks from a single backbone (Ding et al., 2025; Lu et al., 2024a; Xiang et

al., 2025; Xu et al., 2024). General-purpose multimodal assistants answer licensing-style questions containing

figures (Jin et al., 2024; Kaczmarczyk et al., 2024; Tu et al., 2024). Promptable segmentation backbones now

span  nine  or  more  imaging  modalities  from a  single  set  of  weights  (Ma et  al.,  2024;  Zhao  et  al.,  2025).

Ophthalmic, dermatological, echocardiographic and pathology-dialogue systems are evaluated directly against

specialists (Christensen et al., 2024; Lu et al., 2024b; Yan et al., 2025). A dense literature of benchmark results

has accumulated, and with it a strong rhetorical current suggesting that clinical deployment is imminent or

already underway.

There is reason for caution about that inference. Benchmark performance is a weak surrogate for clinical utility.

Curated datasets are enriched for unambiguous cases, are frequently drawn from the same public repositories

used in pre-training, and rarely represent the case mix, image quality, missingness or workflow pressure of

routine care. For task-specific clinical artificial intelligence the pattern is well documented: most published

models never undergo external validation, far fewer are evaluated prospectively, and only a small fraction are

tested in a comparative trial reporting patient-relevant outcomes. Whether multimodal foundation models are

repeating that trajectory, escaping it, or compressing it is an empirical question that has not been asked system‐

atically.

Two properties of foundation models make the question more urgent rather than less. First, their generality

dissolves the notion of a fixed intended use, which is the anchor of both regulatory evaluation and clinical

validation; a model that can do anything has not thereby been shown to do anything safely (Dong et al., 2026).

Second, many are proprietary, are versioned opaquely and are updated without notice, so an evaluation may

not describe the artefact  a clinician later encounters.  Both properties weaken the inferential  link from any

published evaluation to any deployed system.

1.1. What existing reviews do and do not cover

Several relevant syntheses exist. Reviews of multimodal foundation models in medical imaging (Huang et al.,

2025),  of  vision  and  vision-language  models  in  ophthalmology  (Jin  et  al.,  2026),  and  of  vision-language

models  in  clinical  artificial  intelligence  generally  (Thirunavukarasu  et  al.,  2026)  address  model  capability

within a modality or a specialty. A scoping review of silent trials examines one rung of the evaluation pathway

across model types (Tikhomirov et al., 2026). Consensus and perspective pieces argue that benchmark-derived

readiness claims require governance (Dong et al., 2026), and that foundation models in biomedical imaging

must be converted from hype into demonstrable reality (Muneer et al., 2026). A translational-readiness review

has been conducted for imaging artificial intelligence in dentistry (Ardila et al., 2026).

These  are  complementary  to,  but  distinct  from,  the  question  posed  here.  Specialty-siloed  reviews  cannot

describe  the  overall  translational  position  of  the  field,  because  specialties  differ  substantially  in  data

availability, regulatory maturity and deployment infrastructure; a synthesis restricted to one specialty cannot
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establish whether the pattern it observes is local or general. Capability-oriented reviews index what models

can do rather than what has been shown about their use. The appearance of commentary calling for precisely

this analysis, in the absence of the analysis itself, is the characteristic signature of an unfilled evidence gap.

To  the  author's  knowledge,  no  systematic  review has  characterised,  across  specialties  and modalities,  the

position of the multimodal foundation model literature on the pathway from benchmark evaluation to clinical

deployment, appraised against the reporting standards developed for each stage of that pathway.

1.2. A framework for the question: the Clinical Evaluation Readiness Ladder

Answering the question requires a defensible way to classify what kind of  evaluation a study performed.

Existing reporting guidelines  already partition this  space,  but  each addresses  a  single  stage.  TRIPOD+AI

governs prediction model development and validation (Collins et al., 2024). DECIDE-AI governs early-stage

live clinical evaluation (Vasey et al., 2022). CONSORT-AI and SPIRIT-AI govern randomised trials and their

protocols (Cruz Rivera et al.,  2020; Liu et al.,  2020). TRIPOD-LLM addresses studies using large language

models (Gallifant et al.,  2025). What is missing is an ordinal scheme that spans them and allows a whole

literature to be positioned at once.

A six-level ordinal classification anchored to those standards was therefore pre-specified and is termed the

Clinical Evaluation Readiness Ladder (Table 1). Each study is assigned the highest level for which it reports

primary empirical data. The ladder is ordinal but not strictly hierarchical in value: a well-conducted external

validation may inform practice more than a poorly conducted live evaluation, so level and quality are treated

as separate axes throughout.

Table 1. The Clinical Evaluation Readiness Ladder (CERL). Each study is assigned the highest level for which it reports primary

empirical data.

Level Label Definition Anchor standard

CERL-0 Benchmark Evaluation confined to public, curated, synthetic or examination-style

data. No institutional patient data.

Not applicable

CERL-1a Retrospective,

single site

Real patient data from one institution, analysed retrospectively and

offline.

TRIPOD+AI

CERL-1b Retrospective,

external

As CERL-1a, with external, multi-site, temporal or geographic

validation.

TRIPOD+AI

CERL-2 Silent or shadow Model runs prospectively on live clinical data; outputs are withheld

from clinicians and cannot influence care.

TRIPOD+AI

CERL-3 Live clinician-

facing

Outputs are available to clinicians in real workflow; human-AI

interaction, usability, workload or safety assessed.

DECIDE-AI

CERL-4 Comparative trial Randomised or rigorous quasi-experimental comparison reporting

patient, clinician, workflow or system outcomes.

CONSORT-AI, SPIRIT-AI

CERL-5 Post-deployment

surveillance

Routine monitoring of a system in sustained clinical use: drift detection,

algorithmovigilance, incident reporting.

Not applicable

1.3. Objectives

The primary objective was to determine the distribution of published evaluations of multimodal foundation

models  in  healthcare  across  CERL levels.  Secondary objectives  were  to  quantify  the  reporting of  external

validation, clinician comparison, fairness, safety, robustness and prospective design; to compare these across

clinical domain, model provenance, geographic setting and publication venue; to describe temporal trends; and

to produce an openly available dataset and evidence-gap map identifying where evidence is concentrated and

where it is absent.
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2. Methods

This review is reported according to the PRISMA 2020 statement (Page et al., 2021). The search is reported

according to PRISMA-S (Rethlefsen et al., 2021) and the synthesis according to the SWiM reporting guideline

(Campbell et al., 2020).

2.1. Protocol and registration

A protocol specifying the research questions, eligibility criteria, search domains, extraction fields, the Clinical

Evaluation Readiness Ladder and the analysis plan was written before screening began and is provided un‐

altered as Supplementary File 1. No changes were made to the primary outcome or to the eligibility criteria

after screening commenced.

The review was not registered with PROSPERO. PROSPERO's stated scope is restricted to reviews addressing

at least one human health-related outcome, and it explicitly excludes mapping reviews. The present study

evaluates the characteristics and reporting completeness of a research literature rather than a human health-

related outcome, and it incorporates an evidence-gap map, placing it outside that scope. The a priori protocol

in Supplementary File 1 serves the transparency function that registration provides, and the complete extrac‐

tion dataset is deposited openly so that every judgement reported here can be independently re-derived.

2.2. Eligibility criteria

Studies  had  to  evaluate  a  model  satisfying  both  of  two  criteria.  The  first  was  multimodality:  the  model

accepted, or jointly represented, two or more distinct data modalities, for example image and text, image and

structured data, waveform and text, video and text, or audio and text. Unimodal systems were excluded, as

were pipelines combining independent unimodal models only at a final decision rule without any shared or

jointly trained representation. The second was foundation-model character: the model was pre-trained at scale

on broad data and adapted to downstream tasks by fine-tuning, prompting, in-context learning, adapters, or

zero-shot or few-shot transfer, rather than being trained end to end for a single task from random initialisation.

Any health or clinical task was eligible, in any specialty, setting or country, whether performed on patient data

or  directed  at  clinicians  or  patients.  Preclinical,  molecular,  veterinary  and  laboratory-science  applications

without an articulated clinical task were excluded.

Studies had to report at least one empirical result: discriminative or generative performance, agreement with a

reference standard, safety or error data, usability or workload data, process outcomes, or patient outcomes. All

empirical designs were eligible. Narrative and systematic reviews, editorials, commentaries, correspondence

without original data, protocols, registry records without results, and papers reporting architecture or datasets

without clinical  evaluation were excluded. Reviews retrieved by the search were retained for reference-list

screening.

The publication window was 1 January 2021 to 22 August 2026, the start date reflecting the emergence of the

foundation-model paradigm, restricted to English. Preprints on arXiv, medRxiv and bioRxiv were eligible and

were handled as  a  pre-specified analytic  stratum. This  decision was deliberate:  a  substantial  share of  this

literature is disseminated only as preprints, so restriction to peer-reviewed work would misrepresent the field,

whereas pooling without distinction would obscure differences in evidentiary standard.

2.3. Information sources and search strategy

Searches covered eight pre-specified domains: radiology and medical imaging; computational pathology; oph‐

thalmology and dermatology;  cardiology and neurology;  electronic  health  records and critical  care;  cross-

specialty multimodal assistants and promptable segmentation models;  prospective,  deployment,  silent-trial

and randomised evaluations; and fairness, safety, robustness and evaluations conducted in low-income and

middle-income countries. More than 100 distinct structured queries were executed across the journal literature,

arXiv, medRxiv, bioRxiv, conference proceedings (CVPR, ECCV, NeurIPS, ICML, MICCAI, ML4H and CIKM)

and trial registries.
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The seventh domain was searched exhaustively and independently, because the primary outcome of the re‐

view depends on complete ascertainment at the top of the ladder. Three secondary sources were additionally

consulted to corroborate the scarcity observed there (Thirunavukarasu et al., 2026; Tikhomirov et al., 2026).

Full query lists, dates and yields are provided in Supplementary File 2.

2.4. Selection process and verification

Records were screened on title, venue and abstract, after which every retained record was sought and verified

against a primary source, that is, the publisher's page, the preprint server, or a trial registry. Verification was

treated as  an inclusion requirement  rather  than a  courtesy.  A record whose primary source could not  be

retrieved, or whose eligibility-determining fields could not be read directly,  was excluded and reported as

such,  rather  than  coded  from  a  search-engine  summary  or  from  prior  knowledge.  This  is  a  deliberately

conservative rule and its cost is quantified in Figure 1.

Borderline eligibility decisions, chiefly systems that are multimodal only in the sense of combining structured

with unstructured records, and systems whose foundation-model character is asserted but not demonstrated,

were resolved against the two criteria and are listed with reasons in Supplementary File 3.

2.5. Data items and readiness classification

Extracted items comprised bibliographic details (venue, venue type and year), clinical domain, model identity

and provenance (proprietary application programming interface, open-weights, or locally developed), modal‐

ity combination, dataset provenance, sample size,  comparator,  geographic setting classified by World Bank

income group,  and  seven  cross-cutting  domains:  external  validation;  prospective  data  collection;  clinician

comparator; fairness or subgroup analysis; safety, harms or error analysis; robustness testing, including out-of-

distribution, missing-modality, image-degradation, adversarial and prompt-sensitivity testing; and transpar‐

ency of model version. Readiness level was assigned as the highest level for which primary empirical data were

reported, using the definitions in Table 1, with verbatim supporting text captured for auditability.

2.6. Synthesis methods

Synthesis is narrative and quantitative-descriptive, structured around the readiness framework. Proportions

are reported with Wilson 95% confidence intervals. Differences across venue type were examined with the chi-

square  test  with  Yates's  continuity  correction.  All  comparative  analyses  are  exploratory  and  hypothesis-

generating; p values are reported without adjustment for multiplicity and are interpreted accordingly.

Meta-analysis of performance estimates was not undertaken. This was a considered decision rather than an

omission. Included studies differ irreducibly in task, reference standard, model, model version, prompt and

case mix. Pooling accuracy across them would produce a precise number with no interpretable referent, and

would enact precisely the benchmark-to-clinic overreach that this review exists to characterise.

Risk  of  bias  was  appraised  descriptively  against  the  stage-appropriate  standard,  using  PROBAST+AI  for

studies reporting diagnostic or prognostic performance (Moons et al., 2025), and TRIPOD+AI, TRIPOD-LLM,

DECIDE-AI or CONSORT-AI for reporting completeness. No composite quality score was computed, in line

with methodological guidance against numerical quality scoring.

3. Results

3.1. Study selection

Of 182 records identified, 9 were duplicates across domains. Of 173 records screened and sought for verifica‐

tion, 12 could not be retrieved or verified against a primary source. Of 161 reports assessed for eligibility, 36

were excluded, most commonly for having fewer than two modalities (n = 12) or for not being foundation-

model based (n = 7). In total, 125 studies were included. The selection process is shown in Figure 1.
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The group excluded for unimodality is informative in itself. It contains several of the most prominent systems

in the field, including image-only pathology and retinal backbones that are frequently described in secondary

literature as multimodal foundation models. This indicates that the term is applied considerably more loosely

in commentary than in primary reports.

Figure  1. PRISMA  2020  flow  diagram.  Records  were  identified  through  structured  searches  of  eight  pre-specified  domains.

Verification against a primary source was applied as an inclusion requirement.

3.2. Characteristics of included studies

Studies were published between 2022 and 2026, with 71.2% (89 of 125) appearing in 2025 or 2026. Sixty-nine

(55.2%) appeared in peer-reviewed journals, 46 (36.8%) as preprints and 10 (8.0%) in conference proceedings.

Clinical domains were dominated by imaging-adjacent specialties: cross-specialty or multispecialty evaluations

(n = 24), radiology (n = 22), pathology (n = 19), ophthalmology (n = 13), electronic health records and

critical care (n = 11), cardiology (n = 9), dermatology (n = 7) and neurology (n = 6). Seven further special‐

ties, namely primary care, gastroenterology, emergency medicine, critical care, oncology, surgery and obstet‐

rics, contributed two studies each. Psychiatry, paediatrics, orthopaedics and rehabilitation contributed none.

Models were open-weights in 55 studies (44.0%), locally developed in 37 (29.6%) and proprietary application

programming interfaces in 33 (26.4%). The geographic setting was high-income in 65 studies (52.0%) and

mixed or multinational in 38 (30.4%). Eighteen studies (14.4%) were conducted in upper-middle-income set‐

tings, and only 4 (3.2%, 95% CI 1.3 to 7.9) exclusively in low-income or lower-middle-income settings.

3.3. Primary outcome: distribution across the readiness ladder

The distribution is severely bottom-heavy, as shown in Figure 2 and Table 2.
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Table  2. Distribution of  125  included studies  across  the  Clinical  Evaluation Readiness  Ladder.  Confidence  intervals  are  Wilson

intervals.

Readiness level n % 95% CI

CERL-0, benchmark only 62 49.6 41.0 to 58.2

CERL-1a, retrospective, single site 17 13.6 8.7 to 20.7

CERL-1b, retrospective, external 30 24.0 17.4 to 32.2

CERL-2, silent or shadow 5 4.0 1.7 to 9.0

CERL-3, live clinician-facing 7 5.6 2.7 to 11.1

CERL-4, comparative trial 4 3.2 1.3 to 7.9

CERL-5, post-deployment surveillance 0 0.0 0.0 to 3.0

Any prospective evaluation (CERL 2 or above) 16 12.8 8.0 to 19.8

Live use or trial (CERL 3 or above) 11 8.8 5.0 to 15.1

Figure 2. Distribution of 125 multimodal foundation-model evaluations across the Clinical Evaluation Readiness Ladder, with Wilson

95% confidence intervals. The dashed rule marks the point at which prospective evidence begins; 87.2% of the literature lies below it.

Sixty-two studies (49.6%, 95% CI 41.0 to 58.2) sat at CERL-0, with evaluation confined to public benchmarks,

curated published case series, or examination items, and no institutional patient data at any point. A further 17

(13.6%) were single-site retrospective (CERL-1a) and 30 (24.0%) were retrospective with external or multi-site

validation (CERL-1b). Together, 109 of 125 studies (87.2%) never observed the model operating prospectively

on live clinical data.

Above that line the literature thins abruptly. Five studies (4.0%, 95% CI 1.7 to 9.0) reported silent or shadow

prospective evaluation (CERL-2): a neuroimaging foundation model deployed silently for one week on 1,155

consecutive studies (Kondepudi et al., 2026); a sepsis-prediction system running in silent mode across two

emergency departments (Shashikumar et al., 2025); a fine-tuned pathology model in a four-month real-time

silent trial  for lung cancer biomarker detection (Campanella et  al.,  2025);  a multimodal respiratory-failure

model  assessed  prospectively  against  physician  predictions;  and  a  silent  trial  of  large  language  models

supporting community health workers in Rwanda (Shimelash et al., 2026).
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Seven studies (5.6%, 95% CI 2.7 to 11.1) reached CERL-3, that is, live clinician-facing use. These comprised

prospective  artificial-intelligence-assisted radiologist  reporting for  chest  radiography across  three  hospitals

(Bai  et  al.,  2026);  multicentre  prospective  endoscopy reporting  (Jiang  et  al.,  2026);  a  multidisease  retinal

screening pilot; an ophthalmic multimodal diagnostic system across three centres; an emergency department

decision-support system explicitly framed as a DECIDE-AI stage-one evaluation (Leibovitch et al., 2026); a 20-

patient emergency department feasibility pilot; and a prospective multicentre guideline-based tumour board

study.

Four  studies  (3.2%,  95% CI  1.3  to  7.9)  were  comparative  trials  (CERL-4).  Two were  randomised trials  of

clinician-facing diagnostic support in ophthalmology (Jia et al., 2026; Wu et al., 2025) and two were random‐

ised trials of ambient documentation systems (Afshar et al., 2025; Lukac et al., 2025). Only two of the four

therefore tested a multimodal foundation model as a diagnostic or decision-support intervention.

No study reported post-deployment surveillance. The CERL-5 count was 0 of 125 (95% CI 0.0 to 3.0). Not one

of the 125 studies followed a system after it entered sustained clinical use, and none reported drift monitoring,

algorithmovigilance or incident reporting.

Only one study, the ophthalmic randomised trial of an eyecare foundation model, reported any patient-level

outcome, in the form of referral compliance and self-management adherence at follow-up (Wu et al., 2025). No

study reported a clinical health outcome such as morbidity, mortality, or change in diagnostic yield.

Table 3. Reporting of cross-cutting evaluation domains across 125 included studies. Confidence intervals are Wilson intervals.

Evaluation domain n % 95% CI

Clinician comparator 55 44.0 35.6 to 52.8

External validation 49 39.2 31.1 to 48.0

Prospective data collection 16 12.8 8.0 to 19.8

Fairness or subgroup analysis 15 12.0 7.4 to 18.9

Safety, harms or error analysis 10 8.0 4.4 to 14.1

Robustness testing 4 3.2 1.3 to 7.9

3.4. Cross-cutting reporting domains

Reporting was incomplete across every domain examined, as shown in Figure 3A and Table 3. External valida‐

tion was reported by 49 studies (39.2%, 95% CI 31.1 to 48.0) and a clinician comparator by 55 (44.0%, 95% CI

35.6 to 52.8). Fairness or subgroup analysis appeared in 15 (12.0%, 95% CI 7.4 to 18.9), safety, harms or error

analysis in 10 (8.0%, 95% CI 4.4 to 14.1), and robustness testing in 4 (3.2%, 95% CI 1.3 to 7.9).

The most consequential finding in this section is an interaction rather than a marginal proportion. Fairness

reporting rose modestly with retrospective rigour, from 9.7% at CERL-0 (6 of 62) to 11.8% at CERL-1a (2 of 17)

and 23.3% at CERL-1b (7 of 30), and then fell to zero in every study that reached prospective evaluation: 0 of 5

at CERL-2, 0 of 7 at CERL-3 and 0 of 4 at CERL-4, giving 0 of 16 overall. The studies conducted closest to

patients reported least about whom the model works for.
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Table 4. Fairness or subgroup reporting by readiness level. Reporting falls to zero in every study that reached prospective evaluation.

Readiness level Fairness reported (n/N) %

CERL-0 6/62 9.7

CERL-1a 2/17 11.8

CERL-1b 7/30 23.3

CERL-2 0/5 0.0

CERL-3 0/7 0.0

CERL-4 0/4 0.0

All prospective studies (CERL 2 or above) 0/16 0.0

Figure 3. Panel A shows reporting of cross-cutting evaluation domains with Wilson 95% confidence intervals. Panel B shows change

over time in the proportion of studies reaching prospective evaluation (CERL 2 or above) and reporting fairness analysis. The years

2022 and 2023 are pooled because 2022 contributed a single study.

Substantive fairness evidence, where it existed, was concentrated in a small number of dedicated audits rather

than distributed through the literature. The largest of these, an analysis of 858,884 chest radiographs across five

international  datasets,  found that  vision-language foundation models  consistently  underdiagnosed female,

younger and Black patients, with amplified disparities in intersectional subgroups and larger fairness gaps

than those of board-certified radiologists (Yang et al., 2025). Dermatology contributed a cluster of skin-tone

analyses, several of which reported fairness as a secondary outcome of model development rather than as a

primary question (Nijjer et al., 2025; Zhou et al., 2024).

Safety evidence showed a similar concentration. Dedicated adversarial and hallucination studies demonstrated

that sub-visual prompts embedded in medical images induced harmful outputs across every tested model

(Clusmann et al., 2025), that prompt injection degraded surgical decision support by corrupting intermediate

perceptual processing rather than merely overriding final answers (Zhang et al., 2026), and that a majority of

generated chest-radiograph outputs contained hallucinations, with normal radiographs paradoxically attract‐

ing  the  most  severe  errors  (Wang & Li,  2026).  These  findings  were  not,  however,  reflected  in  the  safety

reporting of the broader corpus.

3.5. Subgroup and temporal analyses

Prospective evaluation was substantially more frequent in peer-reviewed journals (14 of 69, 20.3%, 95% CI 12.5

to 31.2) than in preprints (2 of 46, 4.3%, 95% CI 1.2 to 14.5) or conference proceedings (0 of 10), with a chi-

square statistic of 6.32 on 1 degree of freedom (p = 0.012). The preprint and proceedings literature is therefore

not a leading indicator of the journal literature at the top of the ladder; it is a differently shaped literature,

overwhelmingly concentrated at CERL-0.
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Prospective evaluation was distributed across provenance categories without a clear gradient: proprietary 6 of

33 (18.2%), locally developed 5 of 37 (13.5%) and open-weights 5 of 55 (9.1%). Notably, the two randomised

trials of ambient documentation evaluated commercial systems whose underlying base models were not iden‐

tified in the published reports, so the evaluated artefact cannot be reconstructed from the record (Afshar et al.,

2025; Lukac et al., 2025).

The evidence-gap map in Figure 4 shows that concentration and readiness are inversely related. The three

largest domains, namely cross-specialty, radiology and pathology, contributed 65 studies but only 4 at CERL-2

or above. Conversely,  every study in emergency medicine,  critical care and primary care sat at CERL-2 or

above,  reflecting not  maturity  but  the  fact  that  these  domains  have  been entered late  and directly  at  the

deployment end, largely by systems combining text with structured data rather than by imaging-based sys‐

tems.  Ophthalmology  is  the  only  domain  with  a  full  column,  having  benchmark,  retrospective,  live  and

randomised evidence all present.

Figure 4. Evidence-gap map showing clinical domain by readiness level. Cell values are study counts and shading encodes count.

Blank cells are empty. The CERL-5 column is empty across every domain.

No study published before 2025 reached CERL-2 or above, with 0 of 8 in 2022 to 2023 and 0 of 28 in 2024. The

proportion rose to 13.0% in 2025 (7 of 54) and 25.7% in 2026 (9 of 35), as shown in Figure 3B. The entire

prospective evidence base for multimodal foundation models in medicine is therefore approximately eighteen

months old. Fairness reporting showed no comparable trajectory, remaining between 11% and 15% from 2024

onward.

3.6. Risk of bias and reporting completeness

Formal appraisal was constrained by the reporting deficits that the review documents. Among the 109 retro‐

spective and benchmark studies, applicability concerns under PROBAST+AI were high in the majority. Bench‐

mark-only evaluations by construction address a population that is not the intended-use population, and many

used  datasets  plausibly  contained  within  the  pre-training  corpora  of  the  models  being  evaluated,  a

contamination risk that only a minority of studies acknowledged and none quantified.
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Among the 11 studies at CERL-3 or above, adherence to DECIDE-AI was partial. One study explicitly framed

itself as a DECIDE-AI stage-one evaluation and reported adoption over time, disengagement, safety events and

workflow outcomes (Leibovitch et al., 2026). The remainder reported accuracy and, variably, reading time or

clinician  preference,  without  the  human-factors,  error-analysis  or  implementation-context  items  that  the

guideline specifies. Reporting of model version and access date, which is the minimum needed to identify

which artefact was evaluated, was absent or partial in a substantial share of studies evaluating proprietary

application programming interfaces.

4. Discussion

4.1. Principal findings

Across 125 verified studies, the evidence base for multimodal foundation models in healthcare is broad at the

benchmark end and close to empty at  the bedside.  Half  the literature has never encountered institutional

patient  data.  Seven in eight  studies  never  observed the model  operating prospectively.  Comparative trials

number four, and half of those evaluate documentation rather than clinical decision-making. One study reports

a patient-level outcome and none reports a clinical health outcome. No system anywhere in this literature has

been followed after deployment.

Three  features  of  the  distribution  deserve  emphasis  beyond  the  headline  scarcity.  The  first  is  an  equity

inversion. Fairness reporting improves with retrospective rigour and then vanishes entirely at the point of

prospective evaluation. This is the opposite of the pattern the field needs. Subgroup performance is a property

of a model in a population, and a prospective study is the first opportunity to measure it in the population that

will actually be exposed. It is precisely there that no study measured it. The chest-radiograph audit that did

look found that underdiagnosis fell disproportionately on female, younger and Black patients, and that the

models were less equitable than the clinicians against whom they were compared (Yang et al., 2025). That

finding is not reassuring about what the sixteen unmeasured prospective studies would have shown.

The second is  the absent tail.  The complete absence of post-deployment surveillance is  arguably the most

consequential negative finding of this review, because foundation models are the class of system for which it

matters most. Proprietary models are updated silently under stable names, so performance measured in March

may not describe the artefact a clinician queries in September. A literature with no surveillance rung has no

mechanism to detect that, and the regulatory frameworks now being applied to high-risk medical artificial

intelligence assume evidence of exactly the kind that nobody is generating.

The third is geography. Four studies, amounting to 3.2% of the literature, were conducted exclusively in low-

income  or  lower-middle-income  settings,  despite  these  being  the  settings  in  which  diagnostic  workforce

shortages make generalist artificial intelligence most attractive, and in which case mix, imaging hardware and

disease prevalence differ most from the datasets on which these models were pre-trained. The single silent trial

conducted with community health workers in Rwanda is instructive, since it found near-parity for one frontier

model  and  markedly  lower  referral  accuracy  for  another,  a  divergence  invisible  in  benchmark  rankings

(Shimelash et al., 2026).

4.2. Comparison with existing literature

These findings extend, and are consistent with, the siloed reviews that preceded them. A review of vision-

language foundation models in clinical artificial intelligence reported that results are generally drawn from

retrospective studies, with no prospective clinical trials (Thirunavukarasu et al., 2026). A scoping review of

medical  artificial  intelligence  silent  trials  identified none  involving  foundation  models  (Tikhomirov et  al.,

2026). Reviews confined to medical imaging and to ophthalmology reached similar conclusions within their

own boundaries (Huang et al., 2025; Jin et al., 2026). The contribution of the present review is to show that this

is not a property of any one specialty or modality but of the field as a whole, and to quantify it on a common

scale that permits comparison across domains and over time.
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The temporal analysis reconciles an apparent tension between these findings and the optimism of the field. The

prospective  literature  is  not  absent;  it  is  new.  Zero studies  before  2025,  13.0% in  2025 and 25.7% in  2026

describes a field at an inflection rather than a field in stasis. The appropriate reading is therefore neither that

multimodal  foundation  models  are  unready  in  principle,  nor  that  deployment  is  imminent,  but  that  the

evidence needed to distinguish those possibilities has only just begun to be generated.

4.3. Implications for practice, policy and research

For clinicians and health systems, benchmark performance should not be treated as evidence of clinical utility

for this class of system, and procurement should ask which readiness level a claimed capability rests on. At

present, for the overwhelming majority of multimodal foundation models, the accurate answer is CERL-0 or

CERL-1.

For researchers, the most valuable studies now are not further benchmarks. Silent and shadow evaluations are

inexpensive,  carry  no  patient  risk,  and  are  the  fastest  way  to  discover  whether  benchmark  performance

survives contact with local data, yet there are five in the entire literature. Prospective studies should report

subgroup performance as a primary, pre-specified outcome rather than as an appendix.

For journals and editors, requiring authors to state the evaluation level of their contribution, and to justify

claims of clinical readiness against it, is a low-cost editorial intervention. The readiness ladder presented here

is offered as a candidate instrument for that purpose.

For regulators, the absence of any post-deployment surveillance literature, combined with silent versioning of

proprietary models, is a specific and addressable gap. Evidentiary expectations for high-risk medical artificial

intelligence presuppose a surveillance literature that does not currently exist.

4.4. Strengths and limitations

The principal strength of this review is verification discipline. Every included study was confirmed against a

primary  source,  and  12  records  were  excluded  rather  than  coded  from  secondary  description.  A  second

strength is the pre-specified ordinal framework, which allows a heterogeneous literature to be positioned on

one scale without pooling incommensurable performance estimates. A third is that exhaustive independent

searching of the deployment domain, corroborated against secondary sources, makes under-ascertainment at

the top of the ladder, where the primary outcome is most sensitive, the least likely failure mode.

Several limitations qualify the findings. First,  the search used structured topic-based querying across eight

domains rather than a single exhaustive Boolean export from bibliographic databases. Recall at CERL-0, where

the literature is largest and most repetitive, is therefore likely to be incomplete, and the figure of 49.6% for

benchmark-only studies should be read as a lower bound on benchmark dominance rather than as a census.

Because under-ascertainment falls disproportionately on the most numerous and least advanced stratum, this

bias is conservative with respect to the principal conclusion.

Second, extraction relied on what studies reported, so absence of reporting is coded as absence and may in

some cases understate what was done; for fairness and safety, however, that distinction is itself the finding.

Third, the English-language restriction probably under-represents Chinese-language clinical evaluation, which

matters because four of the six unambiguous prospective studies were conducted in China. Fourth, readiness

assignment required judgement at two boundaries, namely prospectively collected cohorts analysed offline,

and systems that are multimodal only in combining structured with unstructured records; reasonable review‐

ers may classify a minority of studies differently, and all such decisions are published for re-derivation. Fifth,

trial registries could not be searched systematically, so registered but unreported trials are under-counted and

the true CERL-4 pipeline is larger than the published record shows. Sixth, no formal quantitative risk-of-bias

scoring was applied. Seventh, this review was conducted by a single author, so screening and extraction were

not  performed in  duplicate  by  independent  reviewers;  the  complete  dataset  is  deposited  openly  to  allow

independent re-coding.
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4.5. Conclusions

Multimodal foundation models have accumulated an extensive benchmark literature and almost no bedside

literature. Half of published evaluations have never seen institutional patient data, seven in eight have never

run prospectively,  four  have  been tested in  a  trial,  none  has  been followed after  deployment,  and equity

reporting disappears precisely in the studies conducted closest to patients. The prospective evidence base that

does exist is approximately eighteen months old and growing, which makes this an opportune moment to set

expectations for what the next generation of studies should report. The readiness ladder, the evidence-gap map

and the openly deposited dataset are offered as instruments for doing so.
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