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Summary

Background Non-invasive presurgical diagnosis of brain tumor types from Magnetic
Resonance Imaging (MRI) is essential but challenging due to overlapping imaging features
across tumor types, inter-observer variability, and the extensive training required for expertise.
We aimed to develop an MRI-based Artificial Intelligence (Al) model for automatic and reliable
brain tumor classification with diagnostic uncertainty quantification and radiology reports
generation.

Methods We developed BrainVLM to classify all 12 World Health Organization (WHO) 2021
brain tumor types. BrainVLM integrates an uncertainty quantification strategy to indicate
prediction reliability and a module for generating radiology reports to elucidate the clinical
rationale. BrainVLM was trained on multi-modal data (MRI scans, demographics, and
radiology reports) from 40,043 individuals. It was validated on 5,211 patients with
pathologically confirmed brain tumors, including 3,877 held-out patients from the primary
hospital and 1,334 patients from 11 independent hospitals. We further conducted two proof-of-
concept studies to validate its clinical utility in Al-clinician workflows: 1) a blinded multi-
reader study where 12 neuroradiologists across varying experience levels interpreted 248
retrospective cases with or without Al assistance, and 2) a real-world prospective study in which
1,009 patients were independently and blindly assessed by BrainVLM and radiologists before
surgery. Additionally, we demonstrated BrainVLM’s utility in preoperative molecular subgroup
prediction for adult-type diffuse gliomas, using a multi-center cohort of 632 patients.

Findings In primary evaluation, BrainVLM achieved an area under the curve (macro-AUC) of
0.85 (95% CI: 0.84-0.86), and an F1 score of 0.82 (95% CI: 0.81-0.83), surpassing
neuroradiologists (F1 = 0.80 (95% CI: 0.79-0.81)). In external validation across 11 centers,
BrainVLM achieved an AUC = 0.80 (95% CI: 0.79-0.82) and F1 = 0.75 (95% CI: 0.73-0.78),
compared with F1=0.71 (95% CI: 0.69-0.73) for neuroradiologists. In prospective real-world
evaluation, BrainVLM maintained performance comparable to neuroradiologists. In the blinded
multi-reader study, the Al-assisted neuroradiologists demonstrated a statistically 27.6%
(absolute 0.16, 95% CI: 20%-35%) improvement in F1 score across all experience levels
compared to unaided assessments (p<0.0001), while reducing diagnostic time by 34.7%
(absolute 55.8 seconds, 95% CI: 29.9%-38.9%). Across 5,211 cases, 72% (3,008/4,156) of
correct diagnoses had high-confidence scores (>90%), whereas 70% (736/1,055) of incorrect
diagnoses exhibited low-confidence scores (50-85%). For molecular subgroup prediction in
adult-type diffuse gliomas, BrainVLM achieved AUCs of 0.95 (95% CI: 0.93-0.96) and 0.88
(95% CI: 0.84-0.91) in primary and external validation, respectively.

Interpretations By integrating uncertainty quantification and report generation, BrainVLM
improves radiologists’ diagnostic performance, reduces MRI interpretation time, and allows
lower-confidence cases to be effectively flagged for human review. These findings show that
Al-assisted diagnosis based on presurgical MRI can support clinical decision-making, with the
potential to enhance early brain tumor diagnosis, alleviate clinicians’ workloads, and ultimately
improve patient care.



41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79

80

81
82
83

Research in context

Evidence before this study

We searched PubMed and Google Scholar for English-language studies published up to
December 6, 2025, using the terms “MRI” AND (“brain tumor” OR “CNS tumor” OR “brain
cancer”) AND (“machine learning” OR “artificial intelligence” OR “deep learning” OR
“foundation model”) in titles or abstracts. We identified no reports describing the deployment
of an MRI-based Al model capable of diagnosing the full spectrum of the 12 major brain tumor
types defined by WHO CNSS5 (the 2021 fifth edition of the WHO Classification of Tumors of
the Central Nervous System). Existing literature on Al-assisted brain tumor diagnosis focused
almost exclusively on gliomas, meningiomas, and brain metastases, with little attention to other
WHO CNS tumor types. Critically, to our knowledge, no previous work has rigorously
quantified model reliability or provided clinically interpretable diagnostic rationales (such as
radiology style reports) alongside brain tumor classifications. As a result, existing Al outputs
for brain tumor classification are limited to isolated predictions, lacking the clinical narrative
components that are imperative for clinician trust and real-world adoption.

Added value of this study

To our knowledge, this is the first study to develop and validate an Al model capable of
comprehensive classification across the full spectrum of all 12 major brain tumor types from
preoperative multimodal data. By leveraging the largest and most diverse multi-modal neuro-
oncology dataset to date, our model achieved robust diagnostic performance with high
generalizability, superior or comparable to board-certified neuroradiologists in sensitivity,
precision, and F1 scores on both internal and multi-center external validation cohorts. By
integrating diagnostic precision with automatic radiology reports generation and reliable
uncertainty quantification, our BrainVLM could substantially improve neuroradiologists’
diagnostic accuracy and efficiency across a wide spectrum of tumor types, supporting
neuroradiologists at all levels of experience. We publicly release our source code and our
training dataset to promote transparency, reproducibility, and future research in the field of
neuro-oncology Al

Implications of all the available evidence

Use of Al foundation models, when trained on sufficiently large and diverse datasets, has the
potential to substantially improve the accuracy and efficiency of preoperative tumor diagnosis
across a broad spectrum of tumor types, benefiting radiologists at all levels of experience.
Reliable uncertainty quantification and automated report generation enhance the interpretability
and clinical utility of Al predictions, helping to build clinician trust and streamline decision-
making. Prospective clinical studies are warranted to confirm the real-world benefits and safety
of integrating Al-assisted diagnostics into standard neuro-oncological management.

Introduction

Brain neoplasms can have long-lasting and life-altering physical, cognitive, and psychological
impacts on patients’ lives, and can occur in any anatomical region of the encephalon and
adjacent structures.'> WHO CNSS5 identifies 12 major brain tumor types and over 100 distinct
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tumor subtypes, ranging from benign and indolent neoplasms such as grade 1 meningioma to
malignant and aggressive tumors such as grade 4 glioblastoma.* Common treatment options for
brain tumors include neurosurgical resection, radiotherapy, and chemotherapy, with surgery
serving as the primary initial management in most cases. However, the choice of treatment
modality, surgical approach, and the extent of resection depends largely on the initial
presurgical diagnosis.’” For example, maximal safe gross total resection is generally
recommended for patients with diffuse gliomas. In contrast, lymphomas and some germ cell
tumors may be managed effectively with chemotherapy and/or radiotherapy without surgical
resection.”” Hence, a prompt and accurate preoperative diagnosis of brain tumors is an
important first step in guiding appropriate treatment.

MRI is the primary diagnostic modality for presurgical diagnosis and longitudinal
monitoring of patients with brain tumors.® In routine practice, neuroradiologists must review
multi-parametric MRI scans to identify and diagnose potential lesions and then convey their
findings and impression in a radiology report. However, this manual interpretation is time-
consuming and error-prone due to overlapping radiologic characteristics of different brain
tumors, inter-observer variability, and potential perceptual errors. This problem is further
compounded by the global shortage of specialist neuroradiologists due to the extensive training
efforts required to gain expertise. Together, these unmet needs call for advanced techniques to
develop an automatic brain tumor diagnostic tool for rapid and precise diagnoses and report
generation, thereby accelerating the time-sensitive diagnosis process and reducing clinician
workload.

Al particularly the recently emerged vision language models (VLMs),” has the potential
to advance automatic disease diagnosis. Yet, compared to the flourishing development of Al
diagnostic frameworks for other tumors, comprehensive Al models for presurgical brain tumor
diagnosis remain significantly underexplored. At least two critical challenges hinder the
widespread clinical adoption of Al-based brain tumor diagnosis. First, current publicly
available datasets for brain tumor analysis are limited in scope, predominantly featuring
gliomas, meningiomas, and metastases, while underrepresenting other tumors in the WHO
CNS5." Second, existing Al models predict brain tumor types without assessing the confidence
and reliability of the prediction or explaining the underlying clinical rationale. This issue is
particularly pronounced in large language models (LLMs) or VLMs, which often exhibit
unwarranted high confidence in erroneous predictions.'' This overconfidence in Al predictions,
coupled with the opaque decision-making process, undermines clinicians’ trust and poses a
substantial barrier to their clinical translation and adoption.

In this study, we developed BrainVLM, an MRI-based Al model for precise and automated
classification of all 12 WHO CNS5-defined brain tumor categories. For each case, BrainVLM
outputs a diagnosis, a confidence score to quantify diagnostic reliability, and a radiology report
to explain the clinical rationale. We compared BrainVLM’s performance against board-certified
neuroradiologists and state-of-the-art Al models, using pathological diagnoses and radiology
reports as reference standards. Furthermore, we validated its clinical utility in two proof-of-
concept Al—clinician workflow studies: 1) a blinded multi-reader study in which 12
neuroradiologists of varying experience levels interpreted 248 retrospective cases with and
without Al assistance, and 2) a real-world prospective study in which 1009 patients were
assessed simultaneously by BrainVLM and radiologists prior to surgery. Finally, we
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demonstrate BrainVLM’s utility in preoperative molecular subgroup prediction for adult-type
diffuse gliomas using multi-center cohorts.

Methods

Datasets and study design

For the development of BrainVLM, we curated BrainTumor48K, a comprehensive multi-modal
brain tumor dataset. It comprises 47,947 individuals aggregated from 39 public repositories and
12 collaborating medical centers (Figure 1a, Table 1, and Supplementary Tables 1-4, appendix
pp 46-50). The BrainTumor48K comprises 33,149 patients with pathologically confirmed brain
tumors (21,993 from public repositories and 11,156 from medical centers) and 14,798 healthy
controls (sourced from public repositories) (Figure 1a). The detailed public repositories and
their pre-processing pipeline for the public repositories are summarized in the Supplementary
Section S.1.1.1 (appendix pp 2-3). Data from 12 independent collaborating medical centers
included demographics, 3D multi-parametric MRI scans (T1-weighted (T1), T1 contrast-
enhanced (T1c), T2-weighted (T2), and T2-Flair sequences (T2f)), expert-curated radiology
reports, and pathological diagnoses.

Overall, the BrainTumor48K dataset spans all 12 major brain tumor types and most of the
subtypes defined by the 2021 WHO CNS5.* The detailed number of patients across the 12 major
brain tumor types and their subtypes is shown in the right panel of Figure 1a.

Data from participating medical institutions were obtained with ethics approval from their
respective Institutional Review Boards (IRBs), and the details of these IRBs are presented in
the Supplementary Section S1.3 (appendix pp 6-7). The requirement for informed consent was
waived by the IRBs. All data were de-identified in compliance with institutional policies and
ethical standards. This study complies with the TRIPOD+AI guidelines for the reporting
artificial intelligence-based prediction models.'?

Development of Al foundation model and retrospective validation

BrainVLM (Figure 1b) was trained on a dataset aggregating 35,227 publicly available cases
(including patients with brain tumors and healthy controls) and 4,816 patients from the primary
institutional cohort (Xiangya Hospital). A validation set, consisting of 500 public cases and 120
primary cohort cases, was reserved for hyperparameter tuning and model selection.
Retrospective diagnostic performance was evaluated on 5,211 patients with pathologically
confirmed brain tumors, including 3,877 held-out patients from the primary hospital, and 1,334
patients from 11 independent hospitals (Figure la). More details regarding the BrainVLM
network architecture, uncertainty quantification, training strategies and validation procedures
can be found in the Supplementary Sections S2 (appendix pp 8-25).

Prospective validation procedures

For the prospective study, we consecutively enrolled 1162 patients with an initial diagnosis of
brain lesions at Xiangya Hospital and additional 349 consecutive patients from two external
institutional cohorts (Supplementary Tables 3, 4, appendix pp 49-50). Following brain MRI
acquisition, clinical information and MRI images were collected and preprocessed according
to standardized protocols. Patients were excluded if they had a history of prior brain surgery,
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previous brain radiotherapy or stereotactic radiosurgery, missing MRI images, or incomplete
MRI protocols. Following the application of these criteria (Figure 2c), eligible patients were
divided into two groups: surgical group (n = 886; 639 Xiangya, 247 external) and non-operative
group (n = 123; 74 Xiangya, 49 external). Eligible patients’ data were prospectively predicted
using BrainVLM prior to definitive clinical diagnosis. Following patient discharge, BrainVLM
outputs were validated against gold standard references: postoperative pathological findings for
patients who underwent surgery, or consensus discharge diagnoses established by a
multidisciplinary panel of senior clinicians through comprehensive review of radiological and
clinical data for non-surgical cases. Finally, patients with non-tumoral pathological findings
were also excluded.

Multi-reader study for AlI-augmented clinical assessments

Multi-reader studies are widely adopted to assess the clinical validity of medical AI models."
To achieve a more rigorous and realistic evaluation of BrainVLM’s clinical utility in
augmenting neuroradiological diagnosis, we developed a gold-standard test dataset comprising
248 patients covering 12 major WHO CNSS5 brain tumor types. For each case, readers received
only the multi-parametric MRI scans (T1, Tlc, T2, T2-Flair) and patient metadata (age, sex);
no clinical history was provided. Diagnostic performance was systematically compared across
three paradigms: (a) neuroradiologists-only as a reader, (b) BrainVLM as an autonomous
diagnostic agent, and (c) neuroradiologists augmented by BrainVLM as a reader. In paradigm
(c), BrainVLM assisted neuroradiologists by providing diagnoses with associated confidence
scores and a radiology report. Twelve neuroradiologists, stratified by expertise (5 juniors: 3-5
years; 4 seniors: 5-10 years; 3 experts: 10+ years), were recruited in the blinded crossover study.
For each case interpretation, neuroradiologists recorded a diagnosis and a self-rated diagnostic
confidence score. To minimize memorization effects in scenarios (a) and (c), we reshuffled the
order of the cases and modified their anonymized identifiers for the second read, and allowed
a one-month wash-out period between the two reads.

Statistical analysis

BrainVLM was compared against board-certified neuroradiologists (using clinical radiology
reports) and four Al models, with postoperative pathology as the gold standard. RadFM,"
Merlin,"® and VST'® were fine-tuned on BrainTumor48K, while ChatGPT-40!” served as a zero-
shot generalist baseline. Tumor classification performance was quantified using sensitivity,
specificity, precision, Cohen’s Kappa, F1, and the area under the curve (AUC). For multi-label
classification, we computed the class-frequency-weighted F1 and both macro- and micro-
averaged AUC. Report generation was assessed with BLEU-4'8, RaTEScore', RadGraph-XL?,
and an LLM-as-Judge framework (Qwen 2.5-72B). We applied two-tailed Wilcoxon signed-
rank tests to assess statistical significance and reported 95% confidence intervals. Following
previous work, we applied non-parametric bootstrap resampling (1,000 replicates) to estimate
95% Cls.*! P values were not adjusted for multiple comparisons. The performance metrics in
the benchmark analyses (Figures 1d and 3d) and tumor categories in the multi-reader study
(Figures 4a-d) were interpreted as distinct analytical objectives, rather than repeated tests of a
single hypothesis. Therefore, no Bonferroni or other multiplicity correction was applied. We
performed Shapley value analysis on the primary and external test datasets to evaluate
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BrainVLM’s robustness to missing MRI sequences (Supplementary Section S3.2, appendix pp
25-26).

Role of funding source
The funders of this study had no role in data collection, analysis, interpretation, writing of the
manuscript, and the decision to submit the manuscript for publication.

Results

Diagnostic performance of BrainVLM in primary and external test datasets

We first evaluated BrainVLM’s diagnostic ability using the retrospective primary test dataset
(n = 3,877). BrainVLM achieved a macro-AUC of 0.85 (95% CI: 0.84-0.86, Figure 1c; 0.87
for both intra-axial and extra-axial tumors, Supplementary Figure 10b, appendix p 65) and a
weighted-average F1 score of 0.82 (95% CI: 0.81-0.83), with precision of 0.84 (95% CI: 0.83—
0.85) and sensitivity of 0.82 (95% CI: 0.81-0.83; Figure 1d). This exceeded expert
neuroradiologists’ assessments (F1 =0.80, 95% CI: 0.79—0.81; precision = 0.71, 95% CI: 0.70—
0.73; sensitivity = 0.80, 95% CI: 0.79—0.81), with enhanced inter-rater agreement (Cohen’s k =
0.75,95% CI: 0.74-0.76 vs 0.69, 95% CI: 0.68-0.70). In benchmarking against four comparator
Al models (RadFM, Merlin, VST, and ChatGPT-40), BrainVLM improved key performance
metrics by at least 25%, including in several low-prevalence tumor types (Figure 1d;
Supplementary Table 11, appendix p 56). DeLong tests showed that BrainVLM had a higher
AUC than each comparison model (Supplementary Table 5 and Supplementary Figure 10,
appendix pp 51, 65).

In the external multicentric dataset, BrainVLM maintained robust performance. It
achieved a macro-AUC of 0.80 (95% CI: 0.79-0.82, Figure 1c; 0.76 for intra-axial and 0.84 for
extra-axial tumors, Supplementary Figure 10b, appendix p 65) and an F1 score of 0.75 (95%
CI: 0.73-0.78; precision = 0.77, 95% CI: 0.75-0.78; sensitivity = 0.75, 95% CI: 0.74-0.77;
Figure 1d). These results also surpassed both neuroradiologist consensus (F1 = 0.71, precision
= 0.72, sensitivity = 0.71) and state-of-the-art models (RadFM: F1 = 0.43, Merlin: F1 = 0.52,
VST: F1 =0.41, ChatGPT-40: F1 = 0.30).

BrainVLM exhibited slight performance variation across different tumor types (Figure 2a).
In the primary test dataset, BrainVLM matched or surpassed expert-level neuroradiologists’
performance for common brain tumors: MEN (F1 = 0.91 vs 0.91), GGN (F1 = 0.82 vs 0.81),
and CPN (F1 = 0.78 vs 0.74). For low-prevalence or imaging-ambiguous brain tumors,
BrainVLM showed superiority: HEM (F1 = 0.64 vs 0.45), EMB (F1 = 0.68 vs 0.58), and CPT
(F1=0.55 vs 0.47). Confusion matrix analysis demonstrated substantial concordance between
BrainVLM and human experts in diagnostic errors, with over 90% overlap in the top two
misclassified tumor categories across both the primary test and external datasets (Figure 2b).

Notably, BrainVLM achieved robust performance using only standard MRI sequences (T1,
Tlc, T2, T2-Flair) and demographic data, whereas neuroradiologists relied on supplemental
advanced imaging (e.g., diffusion-weighted imaging, MR angiography, MR spectroscopy, and
MR Perfusion) in 56.1% of cases (Supplementary Table 7, appendix p 53). Together, these
results establish BrainVLM as an innovative Al system that achieves neuroradiologist-level
performance on most brain tumor types across heterogeneous clinical settings without relying
on advanced imaging or protocol harmonization.
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Real-world prospective study

To further evaluate the utility of BrainVLM in real-world clinical settings, we conducted a
multi-center prospective study aimed at assessing its performance in authentic diagnostic
workflows. In the surgical group, BrainVLM achieved F1 scores of 0.78 (primary) and 0.80
(external), surpassing the radiologists’ performance of 0.75 and 0.77, respectively (Figure 3a).
In the non-operative group, the model maintained robust diagnostic performance, yielding F1
scores of 0.85 in the primary cohort and 0.75 in the external cohort (Figure 3a), both exceeding
the neuroradiologists’ benchmarks (0.79 and 0.72, respectively). These results demonstrate that
BrainVLM provides reliable diagnostic support across diverse clinical management pathways
and independent patient populations.

Uncertainty-aware clinical decision support

Conventional VLMs can generate incorrect diagnoses with inappropriately high confidence or
fail to provide uncertainty quantification, potentially undermining clinicians’ trust.”? To address
this issue, we developed a consensus-driven strategy to augment BrainVLM with reliable
uncertainty quantification (Supplementary Section S2.2, appendix pp 16-18). Across 5,211
cases in the primary and external test datasets, 72% of correct diagnoses (n = 3,008/4,156) were
associated with high-confidence (>90%), whereas 70% of incorrect diagnoses (n = 736/1,055)
exhibited confidence scores of 50-85%. By contrast, the corresponding model without the
consensus-driven strategy assigned low confidence to only 15% of incorrect predictions (n =
160/1,055; Figure 3c). Formal calibration analysis showed good agreement between predicted
confidence and observed outcomes, with an expected calibration error (ECE)* of 0.036 and a
Brier score® of 0.1448 (Figure 3b). This was further supported by the reliability diagram, in
which observed diagnostic accuracy increased with predicted confidence (Figure 3b and Figure
3¢).

We next examined whether these uncertainty estimates could inform decision support in
diagnostically ambiguous cases. Cases assigned lower confidence by BrainVLM were
associated with lower inter-reader agreement among neuroradiologists (Supplementary Section
S3.8.2, appendix p 31), supporting the clinical relevance of the model’s uncertainty estimates.
We therefore implemented a confidence-triggered supplementary diagnosis mechanism in
BrainVLM (Supplementary Section S2.3.1, appendix p 21): when the confidence of the top-
ranked diagnosis (Top 1) was below 75%, BrainVLM additionally presented the second-ranked
diagnosis (Top 2, Supplementary Figure 9a and d, appendix p 64) for radiologist review. Under
this strategy, overall F1 improved from 0.82 (95% CI: 0.81-0.83) to 0.86 (95% CI: 0.85-0.87)
in the primary dataset and from 0.75 (95% CI: 0.73-0.78) to 0.78 (95% CI: 0.75-0.80) in the
external dataset (Supplementary Section 3.1, appendix p 25).

Radiology report generation

We next evaluated BrainVLM’s ability to generate radiology reports to accompany its
diagnostic predictions. We compared BrainVLM-generated reports with those produced by
other VLMs. BrainVLM consistently outperformed all baselines across both primary and
external test datasets (Figure 3d). In the primary dataset, BrainVLM achieved superior BLEU-
4 (0.43 vs 0.02-0.38), F1RadGraph-XL (0.57 vs 0.15-0.46), and RaTEScore (0.75 vs 0.47—
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0.63). Similarly, in the external dataset, BrainVLM maintained performance, with BLEU-4
(0.35 vs 0.02-0.29), F1RadGraph-XL (0.52 vs 0.22—0.42), and RaTEScore (0.69 vs 0.42—0.58).
We further compared BrainVLM with other VLMs on two key components of MRI reporting:
signal intensity and tumor location. BrainVLM achieved report accuracies of 0.86 for contrast
enhancement, 0.80 for T1 signal intensity, and 0.81 for T2 signal intensity, with a lesion
localization accuracy of 0.72; these values were higher than those of comparator VLMs (Figure
3f, Supplementary Section S3.4, Supplementary Figure 7d, appendix pp 27, 63).

Preoperative molecular subgroup prediction in adult-type diffuse gliomas

Adult-type diffuse gliomas constitute the predominant malignant tumors affecting the central
nervous system,”> comprising three main subtypes: IDH-mutant astrocytoma, IDH-mutant
oligodendroglioma, and IDH-wildtype glioblastoma.® Accurate distinction among these
subtypes is essential for optimizing treatment strategies and predicting patient outcomes.*® We
finetuned BrainVLM on available adult-type diffuse glioma cases from BrainTumor48K, with
threefold cross-validation on the primary dataset (n = 494) and external validation on an
independent multi-center cohort (n = 138, subtype distributions in Supplementary Section 2.4,
appendix p 21). In primary dataset, BrainVLM achieved a macro-averaged AUC of 0.95 (95%
CI: 0.93-0.96; Figure 3e), surpassing Merlin (AUC 0.85, 95% CI: 0.82-0.86) and RadFM (AUC
0.76, 95% CI: 0.74-0.78). In the external cohort, BrainVLM maintained robust performance
(AUC 0.88, 95% CI: 0.84-0.91), substantially exceeding Merlin (AUC 0.73, 95% CI: 0.69-0.77)
and RadFM (AUC 0.63, 95% CI: 0.58-0.67). These results underscore the exceptional
performance of BrainVLM for molecular subtyping, highlighting its potential as a versatile
foundation model for brain tumor classification.

Al-augmented clinical assessments

In the 248-case multi-reader study, BrainVLM, when evaluated independently, outperformed
junior and senior neuroradiologists across brain tumor types and performed comparably with
expert neuroradiologists (Figure 4a-d and Table 2). With BrainVLM assistance,
neuroradiologists’ performance improved across all seniority groups, with a 27.6% increase in
mean F1 score and a 34.7% reduction in diagnostic time compared with unaided assessment
(both p<0.0001). F1 scores increased from 0.52 to 0.67 in junior neuroradiologists, from 0.55
to 0.74 in senior neuroradiologists, and from 0.79 to 0.85 in expert neuroradiologists (Table 2),
bringing junior and senior readers closer to unaided expert-level performance.

To characterize clinician—Al interaction in diagnostically challenging settings, we
analyzed cases in the lowest quartile of mean reader-reported confidence during unaided
assessment (Supplementary Section S3.10, appendix pp 34-35). In this 25% low-confidence
subset, the most common diagnostic trajectory across all reader seniority groups was trajectory
F (initial clinician and BrainVLM both correct, final diagnosis remains correct; Figure 4f).
Trajectory B (initially incorrect diagnosis corrected by a correct Al suggestion) was also
frequent, 15.2% / 27.5% / 29.2% of junior / senior / expert assessments. By contrast, trajectory
C (initially correct diagnosis reversed by an incorrect Al suggestion) was the least frequent
outcome across groups (1.3%, 1.0%, and 0%, respectively; Figure 4f).

To further assess reader responses to incorrect Al outputs, we restricted analysis to cases
in which BrainVLM generated an incorrect diagnosis (n = 52 of 248; Supplementary Section
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S3.10, appendix pp 34-35). In this subset, overall accuracy was similar before and after Al
assistance (50.0% vs 50.9%), with performance maintained or slightly improved in senior and
expert readers and a modest decrease in juniors (Figure 4g). This slightly improved
performance maybe because many incorrect BrainVLM predictions were associated with low
reliability scores (Figure 4e), which may have prompted readers to apply more caution when
reviewing these outputs. Overall, these findings do not suggest systematic over-reliance on
incorrect Al outputs, although junior neuroradiologists appeared more susceptible to adverse
Al influence.

Discussion

In this study, we developed and clinically evaluated BrainVLM, a multimodal vision-language
foundation model for presurgical classification of brain tumors across all 12 WHO CNS5-
defined tumor types. Three findings are particularly noteworthy. First, BrainVLM showed
strong and generalizable diagnostic performance in retrospective evaluation, achieving AUCs
of 0.85 in the primary validation set and 0.80 in the external validation set, with sensitivity,
precision, and F1 scores broadly comparable to those of board-certified neuroradiologists
across most tumor types. In subgroup analysis (appendix pp 31-33), performance was broadly
consistent across sex, MRI vendor, ethnicity, and most age subgroups. Second, in prospective
real-world evaluation, BrainVLM achieved a statistically significant 4% higher F1 score than
neuroradiologists, suggesting potential clinical utility beyond retrospective benchmarking.
Third, the model extended image-based tumor classification towards molecular stratification,
achieving a superior AUC on external validation (0.88) relative to state-of-the-art VLMs (0.63—
0.73). Taken together, these findings suggest that multimodal foundation models could support
diagnostically demanding tasks in neuro-oncology, where overlapping MRI phenotypes, inter-
observer variability, and limited familiarity with rare entities continue to constrain consistent
presurgical diagnosis.?’

The robust diagnostic performance of BrainVLM is likely attributable to the scale and
diversity of its training dataset, and to its multimodal design. BrainTumor48K represents, to
our knowledge, one of the largest and most comprehensive multi-modal presurgical datasets
utilized for model development in neuro-oncology to date. Pretraining on extensive corpora
comprising public repositories and real-world clinical data might have enabled BrainVLM to
accommodate variability in imaging quality, acquisition parameters, patient populations,
imaging equipment, and institutional protocols. Another key factor contributing to BrainVLM’s
performance is its efficient integration of multi-modal data, including MRI scans, patients’
demographics, and radiological reports. This framework has enabled us to leverage critical
clinical information such as age and radiology reports, leading to more accurate and
comprehensive diagnoses.

Al-clinician collaboration holds significant promise in medical image interpretation.”**’
However, even when Al models exhibit robust diagnostic performance and generalizability,
translating these capabilities into clinical practice necessitates overcoming a critical barrier:
clinician trust in Al-driven decision-making. The effective integration of Al models into clinical
workflows requires clinicians to (1) understand the AI’s decision rationale to inform their
judgments, and (2) develop sufficient trust in the system’s recommendations. To address these
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challenges, BrainVLM introduces two clinician-trust-focused innovations: a consensus-driven
uncertainty quantification strategy and an automated radiology report generation module. In
our evaluation, BrainVLM demonstrated clinically meaningful self-assessment capabilities,
assigning high-confidence probabilities (>90%) to 72% of its correct diagnoses while
appropriately tagging 70% of its incorrect diagnoses with lower confidence scores 50-85%.
This self-awareness capability is particularly impactful in diagnostically challenging scenarios.
This mechanism ensures only high-confidence predictions are clinically actionable, while
automatically triaging ambiguous cases to human experts for secondary review. This approach
also prevents clinicians from over-reliance on model outputs, thereby aligning with responsible
clinical workflows in healthcare settings. Complementing this reliability mechanism,
BrainVLM exhibits an exceptional capability to generate preliminary medical reports—a
critical function for communicating diagnostic findings and guiding care across several
specialties.?®*® These reports offer clinicians actionable insights beyond isolated predictions,
enabling clinicians to process cases more efficiently, thereby improving turnaround times and
expanding access to specialty-level reporting. The clinical validation through a multi-reader
study with 12 neuroradiologists across expertise levels further confirmed BrainVLM’s trust-
building potential.

In clinical practice, incomplete MRI acquisition (e.g., missing T1c) frequently occurs due
to insufficient clinician awareness or contraindications. While conventional multi-sequence-
trained models exhibit considerable performance degradation under such suboptimal imaging
conditions, BrainVLM maintains diagnostic performance comparable to the full-sequence
baseline in scenarios where T2, T2-Flair, or T1 sequences are missing (appendix pp 25-26). A
notable exception is the absence of Tlc sequences, where we observe a 13.4% decline in F1
score (appendix pp 25-26), highlighting the critical role of post-contrast imaging in brain tumor
assessment. Another feature relevant to clinical deployment is that BrainVLM was trained on
raw, minimally processed MR images, without skull stripping or segmentation (appendix p 11).
Unlike many conventional neuroimaging studies, which typically require preprocessing steps
such as skull stripping, BrainVLM directly analyzes raw institutional data, with only slice-level
resampling applied (appendix p 11). This minimal preprocessing preserves the complete
informational content of the original MRI data, making BrainVLM particularly well-suited for
our comprehensive brain tumor characterization study. Collectively, BrainVLM’s ability to
deliver robust diagnostic performance without preprocessing workflows (e.g., skull stripping)
or segmentation requirements, combined with its resilience to missing MRI sequences,
establishes its clinical efficacy as an adaptable and practical solution for real-world
neuroimaging challenges.

Several limitations exist in our study. First, although online datasets were collected
globally, real-world diagnostic applications in this study were confined to East Asian patients.
Second, despite improved performance in low-prevalence tumors, data on rare tumors remain
relatively limited. Further validation studies with larger sample sizes and more diverse ethnic
populations, especially for rare tumor types, are warranted to better evaluate the model’s
generalizability and robustness. Third, while patient demographics is incorporated into
BrainVLM, the model does not currently integrate multimodal clinical data such as medical
history, lab findings and neurological examinations. Including these data types could further
improve diagnostic accuracy and better align the model with real-world clinical decision-
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making. Correspondingly, in the multi-reader study, readers were only given MRI, age, and sex,
matching BrainVLM's inputs, to ensure a fair comparison; this may underestimate clinicians'
real-world performance, as full clinical context is routinely accessible in routine care. Fourth,
although we used patient-level partitioning, independent institutional cohorts, exclusion of
recurrent or postoperative follow-up cases, and external test centers that did not contribute to
training or validation, residual risks of dataset overlap or data leakage cannot be completely
excluded. This is particularly relevant for large public datasets aggregated from multiple
sources and because direct cross-center patient matching was not possible after de-
identification. Finally, we assessed diagnostic performance, report-generation quality and
reader performance with or without Al assistance, but did not examine subsequent treatment
decisions and clinical outcomes, such as extent of resection, surgical complications or long-
term prognosis.

In conclusion, BrainVLM demonstrates the potential of multimodal foundation models to
support complex diagnostic tasks in neuro-oncology. Trained on well-curated multimodal
neuroimaging data and validated across internal, multi-center external, and prospective clinical
cohorts, the model achieves generalizable performance for classifying a broad spectrum of
brain tumors. BrainVLM may serve as a reliable assistant tool to improve the accuracy,
efficiency, and consistency of preoperative brain tumor diagnosis and automated report
generation. Our framework, which integrates systematic data curation, advanced vision-
language modeling, uncertainty quantification, automated report generation, and rigorous
clinical evaluation, offers a structured approach for developing specialized foundation models
in other medical fields.
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Table 1: Characteristics of our retrospective online dataset, primary dataset, and external test
dataset for each brain tumor type.

Online dataset Primary dataset External test dataset
Dimension Sex Age in years Sex Age in years Entire
No.of — No.of No.of dataset
Mean =+ SD Mean =+ SD GlE b

subjects o 3p subjects Nfale Female subjects Male Female

(range) (range)

Total 21,993 13,096 8,897 8,813 4,256 4,557 45+ 18(1-86) 1,334 665 669 52+15(1-86) 32,140

MET 1,654 879 775 735 435 300 56+11(7-79) 116 69 47 60+ 11 (34-86) 2,505

GCT 81 62 19 378 286 92 19+13(1-67) 18 11 7 20+13(1-40) 477

GGN 9,935 4,743 5,192 3,028 1,681 1,347 41+19(1-86) 414 244 170 50+ 15(5-79) 13,377

MEN 5363 3,804 1,559 2,395 723 1,672 53+12(1-81) 355 115 240 56+13(8-79) 8,113

TSR 674 614 60 796 402 394 46=+16(2-81) 186 98 88 51+ 15 (5-75) 1,656

MNM 912 457 455 447 234 213 39+18(1-78) 76 40 36 43 +£16 (8-76) 1,435

CPN 1,865 1392 473 416 138 278 46+15(1-75) 90 43 47 54+10(34-75) 2371

CPT 259 216 43 129 63 66 28+20(1-66) 6 1 5 45+10(39-62) 394

HEM 535 396 139 164 100 64 47+22(2-77) 44 27 17 62+11(30-82) 743

EMB 288 165 123 205 131 74 18+15(1-70) 18 12 6 18 £ 15 (3-40) 511

PIN 346 312 34 70 36 34 36+20(1-73) 6 2 4 39+£13(21-57) 422

MEL 81 56 25 50 27 23 50+14(14-73) 5 3 2 36+25(21-69) 137

Abbreviations: MET = brain metastases, GCT = germ cell tumors, GGN = gliomas, glioneuronal tumors,
and neuronal tumors, MEN = meningioma, TSR = tumors of the sellar region, MNM = mesenchymal,
non-meningothelial tumors, CPN = cranial and paraspinal nerve tumors, CPT = choroid plexus tumors,
HEM = hematolymphoid tumors, EMB = embryonal tumors, PIN = pineal region tumors and MEL =

melanocytic tumors.
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Table 2: Comparative diagnostic performance across neuroradiologists-only, BrainVLM, and
Al-augmented neuroradiologists paradigms. Twelve neuroradiologists with varying years of
experience (junior [3-5 years], senior [5-10 years], expert [10+ years]) participated in this
blinded crossover study. Boldface indicates the highest performance metric within each tumor
type across Al, neuroradiologists, and Al-augmented neuroradiologists cohorts.

F, score
Al model Junior Junior-Al Senior Senior-Al Expert Expert-Al
MET 0.74 0.51 0.62 0.44 0.66 0.80 0.87
GCT 0.75 0.28 0.54 0.40 0.59 0.70 0.79
GGN 0.83 0.64 0.72 0.66 0.80 0.84 0.91
MEN 0.85 0.74 0.81 0.77 0.85 0.90 0.90
TSR 0.86 0.74 0.77 0.78 0.81 0.85 0.88
MNM 0.56 0.10 0.33 0.07 0.42 0.50 0.58
CPN 0.77 0.57 0.74 0.69 0.79 0.73 0.84
CPT 0.65 0.30 0.53 0.36 0.68 0.77 0.88
HEM 0.75 0.22 0.56 0.21 0.70 0.70 0.86
EMB 0.82 0.14 0.62 0.31 0.75 0.54 0.68
PIN 0.77 0.43 0.62 0.48 0.68 0.70 0.75
MEL 0.25 0.00 0.40 0.00 0.69 0.63 0.80

Frequency
-weighted 0.78 [0.73,0.83] 0.52[0.48, 0.55] 0.67[0.63,0.71] 0.55[0.51, 0.58] 0.74[0.70, 0.77] 0.78 [0.74, 0.82] 0.85 [0.81, 0.89]
Fy

Accuracy  0.79[0.74,0.83] 0.55[0.52,0.59] 0.69 [0.65,0.72] 0.59 [0.56,0.62] 0.75[0.72,0.78] 0.80 [0.75, 0.83] 0.86 [0.82, 0.89]

Total Time
(Mean + SD)

51+3 189 +41 112+13 161 +£43 104 +£21 100 +£5 75 +15

Abbreviations: MET = brain metastases, GCT = germ cell tumors, GGN = gliomas, glioneuronal tumors,
and neuronal tumors, MEN = meningioma, TSR = tumors of the sellar region, MNM = mesenchymal,
non-meningothelial tumors, CPN = cranial and paraspinal nerve tumors, CPT = choroid plexus tumors,
HEM = hematolymphoid tumors, EMB = embryonal tumors, PIN = pineal region tumors and MEL =

melanocytic tumors. SD: Standard Deviation.
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Figure 1: Overview of this study. a, A multi-modal brain tumor dataset was constructed from 39 online sources and
12 collaborating medical institutions, comprising 47,947 patients. Each case includes either 2D MRI slices or multi-
sequence 3D MRI scans (T1-weighted[T1], T1 contrast-enhanced [T1c], T2-weighted [T2], T2-Flair [T2f]), paired
with pathologically confirmed diagnoses, optional radiology reports (or text descriptions). The detailed number of
patients across 12 brain tumor types and their subtypes is shown on the right panel. b, we developed BrainVLM, a
vision-language foundation model designed for brain tumor analysis. The model processes multi-parametric MRI
scans at different resolutions through a shared vision encoder and integrates text data via an LLM-based architecture.
BrainVLM was trained to classify tumor types with quantified diagnostic uncertainty and a radiology report.
“Frozen” components (Vision Encoder and LLM backbone) retain their pre-trained weights to ensure structural
stability and leverage broad medical knowledge. “Trainable” components (MLP projector and LoRA-based
adapters) are optimized during fine-tuning via backpropagation. ¢, ROC curves for top-1 predictions on the
retrospective primary and external datasets, with macro-averaged AUCs of 0.85/0.80 and micro-averaged 0.91/0.87,
respectively. d, BrainVLM outperformed neuroradiologists and baseline models in sensitivity, precision, F1 score,
and Cohen’s x across both datasets. Two-tailed Wilcoxon signed-rank tests were performed to compare BrainVLM
with neuroradiologists for each metric. P values were not adjusted for multiple comparisons because each metric
was prespecified and interpreted as a distinct measure of diagnostic performance. Statistical significance is indicated
as ns (not significant, p>0.05), * (p<0.05), ** (p<0.01), and **x (p<0.0001). Bootstrap resampling (1,000 replicates)
was used to estimate 95% confidence intervals, shown as error bars around the mean.
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Figure 2 a, Performance comparison of BrainVLM and board-certified neuroradiologists on 12 tumor types across
primary and external datasets. Model and human expert results are visualized as a dodecagon, with each vertex
corresponding to a specific tumor type. For both datasets, we report sensitivity, precision, F1 score, and Cohen’s k
for each class. BrainVLM demonstrates either superior or comparable performance relative to neuroradiologists on
both primary and external cohorts, including for rare tumor types (e.g., EMB, GCT, HEM). b, Confusion matrices
comparing BrainVLM’s predictions to those of neuroradiologists across 12 tumor types in both primary and external
datasets. The foundation model showed stronger diagonal concentration than neuroradiologists, indicating improved
classification accuracy. Each matrix was normalized by true labels to highlight per-class performance. Notably, the

model’s diagnostic error patterns showed substantial concordance with those of human experts. ¢, Flowchart of

prospective patient enrollment. A total of 1,511 patients with suspected brain lesions were prospectively enrolled.
After excluding those who had received prior treatment or lacked diagnostic sequences, 1,090 patients were eligible
for evaluation. Among them, 967 underwent surgery; after excluding 123 cases with non-brain tumor pathology, 886
patients with confirmed brain tumors were included for model validation. The remaining 81 patients who received
non-operative management were also included for evaluation.
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Figure 3: Performance comparison in the prospective cohort, as well as uncertainty quantification,
comparative evaluation of radiology report generation, and molecular subgroup prediction. a, Comparison of
primary and external prospective study results. The bar charts evaluate BrainVLM (AI) versus human doctors across
surgical and non-surgery groups using Sensitivity, Precision, F1, and Kappa metrics. b, Reliability diagram (ECE =
0.036) illustrating model calibration and the alignment between observed accuracy and confidence probability. ¢,
the comparison of confidence score distributions between Vanilla BrainVLM, which does not incorporate our
consensus-driven strategy for uncertainty quantification, and Reliable BrainVLM, which benefits from the
integration of this strategy. d, Report metric comparison of four models using RaTEScore, F1RadGraph-XL, and
BLEU4 on both primary and external datasets. Two-tailed Wilcoxon signed-rank tests were performed to compare
BrainVLM with comparator models; p values were not adjusted for multiple comparisons, as each metric was
interpreted individually rather than as repeated tests of a single hypothesis. e, ROC curves comparison for
preoperative molecular subgroup prediction in adult-type diffuse gliomas among RadFM, Merlin, and our model on
both primary and external datasets. f, A representative case study comparing generated reports from our model,
ChatGPT-40, and RadFM against the human radiologist’s reference report, highlighting significant corrections,
errors, and omissions. For BrainVLM’s diagnosis, the associated probability and confidence score are also presented.

20



+41% |+142% +12% |+317% +4% | +5% +8% | +18% |+182%| +12% | +75% | +74% |+130% | +33% |+509%
37% x| KR NS | ko S% NS |k NS | NS | Ak | NS | kk | k| kk | k| kk | +23% g
4 e R . m e - T
104 ™ 03*5" | ema oli165% 0 oo . 1.0 o e pmie o esce o - ‘N‘S"
Bl I A & 2 g WP i g goai R
pes . . 38 S RERY e, : L o B® e
208 |+ L e [12 il E . o8 SELIZHE-H FHAUE: - -
z * | [ . W s . | | g g LR~
= |l ™ . . r J I 2 e, .. - % A
Z06{ s . D SlieT 4 J G 06 iH s Co
g oli 2T el Rl 5. g 4 d 1 . .
3 . o o
0.4 . pel ® ‘e e | 0.4 m >
0.2 ) ale ° | = Radiologist 0.2 * . . . | Radiologist
M \ N 9 () Al-augmented B . ___ Al-augmented
N radiologist = radiologist
0.0 - . - - 0.0 - . . -
MET GCT MNM CPN CPT HEM EMB PIN MEL GGN MEN TSR MET GCT MNM CPN CPT HEM EMB PIN MEL GGN MEN TSR
¢ d
+57% +423% o +62% s
*k * ok * +
7% . ol +119% o1 LSRR e g -l 12910k 23S e o se
- 4% - * + Ll
1.0 N 44 * . L) - e 1.0 * . . LA
. - o, o il e ¢, . o Loy Loe
0.8 . o +136% o om: [ o S = - 0.8 +168%) o™ o &) e 3 . o
sael R -} Y - W *x —i - L3 1 v
@ {18 =1 e e - = Al | o o 3{ >
5 -—? -5 . . .L . A4 3 . el [0 . el
A06] Bl Bl Jgi QG L [ Fer T e gos B Rl el L
b i Jial] .o . E N i ~ - ol e ! ] H-
0.4 . Q . T v 0.4 g o g ¥
: e o e o | o o RS
0.2 . 2 * . | == Radioldgist 0.2 & " - . . | = Radiologist
. Al-augmented Al-augmented
b 50 radiologist . 53 radiologist
0.0 . . - 0.0 PR ‘ ., -
MET GCT MNM CPN CPT HEM EMB PIN MEL GGN MEN TSR MET GCT MNM CPN CPT HEM EMB PIN MEL GGN MEN TSR
e
100% Confidence Distribution of Correct and Incorrect Answers by Tumor Type
75.0% 75.0% 75.0% .
b 69.4% o 73.3% 74.1%
60% 50.0%
c 40.0%
§ aox 33.3% 37.5%
£ 25.0%; 25.0%) 25.0% L8.5%
2 20% 16.7% i -
o 8.3% 8.3% 10.0% 8.3% 12.5¢ 13.3%
o
§ T g N N N B ' """ TR S
= 5.6% 8.3% 8.3% 10.0% 8.3% 53%  gox 4% 7.4x 7.4%
a3 20% 16.6% 16.7% 16.7% 16.7% 16.7% 16.7% 16.1%
=
2 33.3%
5 4% 40.0% 37.5%
60% Incorrect Prediction with Low Confidence (50%-90%)
W Incorrect Prediction with High Confidence (90%-100%) 66.7%
80% Correct Prediction with Low Confidence (50%-90%)
W Correct Prediction with High Confidence (90%-100%)
100%
Low/High Low/High Low/High Low/High Low/High Low/High Low/High Low/High Low/High Low/High Low/High Low/High
f MET [clay MNM CPN cPT HEM EMB PIN MEL GGN MEN TSR
Distribution of Di: Trajectories in Cases with Low Reader Confidence 08 Clinician-Al Performance in Cases with Incorrect Al Predictions
0% . A . C . E o7 Clinician-Only
_ w8 mmD F ’ Clinicial-Al
& 60% 2064
2 54.2% 8
& 50%- 3059 F—
[$] 443% g
- <
° v 0.4+
c =
§ 2
£ 2034
g g
2 80.24
&
0.14
(X T T T T
Junior Radiologist Senior Expert All Radiologi Junior Radiologi Senior Radiologi Expert

Figure 4: Blinded multi-reader study on 248 patients with interpretations by 12 neuroradiologists (5 juniors
[3-5 years], 4 seniors [5-10 years], 3 experts [10+ years]) with and without AI assistance. a-d, Comparison
between the diagnostic performance of neuroradiologists and Al-augmented neuroradiologists. Box plots summarize
sensitivity, precision, F1 score, and Cohen’s « for individual neuroradiologists and their Al-augmented counterparts.
Pairwise comparisons between each neuroradiologist and their corresponding Al-augmented counterpart were
performed using two-tailed Wilcoxon signed-rank tests without correction for multiple comparisons. Statistical
significance is indicated as ns (not significant, p>0.05), * (p<0.05), *x (p<0.01), and *** (p<0.001). P values were
not adjusted for multiple comparisons because per-tumor-type analyses were prespecified and interpreted separately
for each tumor category. e, Confidence score distribution for BrainVLM’s predictions on these 248 cases across 12
major WHO CNSS5 brain tumor types. The figure is vertically divided: upper blue bars show confidence distributions
for correct predictions, lower pink bars show incorrect ones. f, Distribution of Diagnostic Trajectories in Cases with
Low Reader Confidence. The bar chart shows the distribution of four diagnostic trajectories after exposure to
BrainVLM among the subset with the lowest 25% of initial clinician confidence, stratified by reader seniority.
Trajectories are defined as: (A) maintaining a correct diagnosis despite incorrect Al; (B) successfully correcting an
initial error; (C) erroneously changing a correct diagnosis due to incorrect Al; (D) both clinician and Al remaining
incorrect; (E) failing to adopt a correct Al suggestion; and (F) both initial clinician diagnosis and Al suggestion being
correct, with the final diagnosis remaining correct. g, Clinician-Al performance in cases with incorrect Al predictions.
The bar chart compares clinician diagnostic accuracy without Al assistance and after review of BrainVLM output,
restricted to cases in which BrainVLM generated an incorrect diagnosis, stratified by reader seniority (junior, senior,
and expert).
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