








Article https://doi.org/10.1038/s41551-025-01608-0

Extended Data Fig. 9| See next page for caption.
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Extended Data Fig. 9 | Multi-label analysis of Prima. a, We performed a multi-
label classification analysis across all 52 diagnoses. The Prima logit-label matrix
above shows the AUC value for each logit-label binary comparison. The diagnoses
were ordered using consensus clustering for easier visualization [69]. The lower
left-hand matrix is the correlation matrix of the ground truth labels with the
same ordering. Primalearned the label co-occurrence relationships, such as
ventriculomegaly often co-occurs with ventricular catheters or brain tumors
co-occur with mass effect. It also correctly captures the semantic similarity

of diagnoses within differential diagnoses. We observe higher AUC values for
related structural pediatric diagnoses, brain tumor diagnoses, and brain injury/
trauma. These findings demonstrate that Prima has correctly modeled the

multi-label classification problem while learning the semantic relationships
betweenrelated diagnoses. b, Multi-label LIME analysis shows that Prima
attends to different pathologic regions of the same MRI sequence depending
on the diagnostic prediction. High LIME scores are assigned to tokens within
the posterior fossa when the LIME scores are computed for 'medulloblastoma’
prediction. Conversely, high LIME scores are assigned to the enlarged ventricles
when the LIME scores are computed for 'ventriculomegaly’ prediction. We see
similar patterns investigating the relationship between brain contusion’ and
‘midline shift’ labels, and 'brain metastasis’ and 'vasogenic edema’labels. Prima
demonstrates trusthworthy multi-label classification.
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Extended Data Fig. 10 | Intersectional and equalized odds fairness analysis.
a, Intersectional fairness analysis of sex, race, and geographic region on our
prospective testing cohort thatincludes a diverse patient population. Radar
plot shows eachintersectional group and mean AUC values for each group.
Prima shows minimal variance in diagnostic performance across intersectional
groups. b, Intersectional equalized odds analysis demonstrate minimal
disparity in TPR or FPR across intersectional groups. TPR and FPR disparity was
less than 0.1threshold we used for clinical significance. ¢, Equalized odds by
diagnostic subgroup are shown, including brain tumors, strokes, and pediatric

diagnoses. Similar to the demographic features shown in Fig. 4, there is minimal
disparity between diagnostic subgroups. Prima displays algorithmic fairness
onintersectional and equalized odds analysis of our diverse prospective
testing cohort. The error bands in the AUC plots are standard deviations across
individual tasks within each diagnostic subgroup (n=13 tasks for tumors, n=6
tasks for strokes, and n =3 tasks for pediatrics). Box plots show the median
(center line), interquartile range (box: 25th-75th percentile), and whiskers
extending to the minimum and maximum values, plotted over 20 bootstrapped
iterations of 200 samples from each subgroup.
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Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
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The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
|X| A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
N Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
|X| A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
2~ AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
N Give P values as exact values whenever suitable.

|:| For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

|X| For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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|X| Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  Data were collected from entire University of Michigan health system PACS service. We have queried for all brain MRI from SECTRA data
warehouse to narrow our search and only studies with report were included in final training cohort. We provide our SQL query as part of our
supplemental materials.

Data analysis Sample size calculations were completed in R (4.3.0) using the epiR package (2.0.63) epi.sssupb function.
All other code was implemented in Python (version 3.9) using PyTorch (2.3.1) and Transformers (4.37.0) as the primary machine learning
framework. Additional data analysis tools include numpy (2.0.2), scikit-learn (1.6.0), matplotlib (3.9.4), and pandas (2.2.3). All code and scripts
to reproduce the training and inference of Prima are available on GitHub at https://github.com/MLNeurosurg/Prima under an MIT license.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The Prima model parameters will be publicly available for investigational use only under an MIT license. Institutional Review Board approval was obtained from
University of Michigan for MRI data collection. Restrictions apply to the availability of raw patient MRI imaging data, which were used with institutional permission
through IRB approval for the current study, and are thus not publicly available. All data sharing between medical centers is regulated through data use agreements
with the study authors. A similar data-sharing protocol may be established for interested investigators. Please contact the corresponding author (T.C.H.) for any
requests for data sharing, and a response will be made within 2 weeks. All requests will be evaluated based on institutional and departmental policies to determine
whether the data requested is subject to intellectual property or patient privacy obligations. Data can only be shared for non-commercial academic and
investigational purposes.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender In accordance with the Declaration of Helsinki, we evaluated the performance and fairness of our model (PRIMA) across
several sensitive attributes and subgroups including patient sex. Patient sex was defined as the biological classification of
male or female and was obtained from our institutional PACS-interfacing Sectra Datawarehouse system where it is reported
in a patient's medical record along with the corresponding MRI study. Given that this study exclusively consisted of secondary
analysis of existing data, the need for individual informed consent was waived during our IRB approval process. Protection of
patient identity was paramount and not released publicly. In this study, we evaluated model fairness using an "equality of
opportunity" criterion, comparing the true positive rate (TPR) of male and female patients compared to the total population
of patients. TPR was reported in a disaggregated fashion for males and females to clearly demonstrate the similarity of model
performance in each group.

Reporting on race, ethnicity, or According to the Declaration of Helsinki, it is imperative to provide appropriate representation in medical research to

other socially relevant underrepresented groups, particularly those with distinct healthcare needs, healthcare access, and potential benefits from

groupings the research findings. As a result, we further evaluated our model fairness in socially relevant groupings including patient
race and area-of-residence. This information was obtained from our institutional data warehouse which contains patients'
self-reported race and county-based residence. With respect to race, included group classifications were African American,
Asian, and Caucasian. As for counties, all Michigan counties were included for the determination of odds of a 1-week MRI
turnaround read relative to the most represented county. Counties were subsequently grouped into geographically informed
regions. To account for possible confounding effects, our assessment of subgroup-stratified TPR was conducted separately
for race and county groups. Additionally, comparisons of each subgroup TPR to the population TPR were further stratified by
diagnosis-distribution to account for the possible impact of diagnosis on model performance.

Population characteristics Several sensitive attributes were reported for our study population including age, sex, race, insurance type, and area-of-
residence. Diagnostic attributes were also collected across 52 diagnostic classes and reported for each patient. The
demographic and diagnostic distributions of our data are included as supplemental data tables.

Recruitment All MRIs and associated reports were obtained via a SQL-query of our institutional Sectra Data Warehouse which interfaces
with our clinical PACS system. This study was a secondary analysis of existing data. We address the risk of patient selection

bias by querying all MRIs included in the PACS system without exclusion of any geographic regions or patient groups.

Ethics oversight This study protocol was approved by our Institutional Review Board at University of Michigan.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size We acquired 279,908 clinical studies with over 170000 unique patients within our study cohort. These studies includes about 5.6 million
sequences and over 362 million images. In addition, we have 29,435 MRI studies included in the prospective testing set. The prospective
sample size was justified through statistical calculations detailed in the methods section.
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Data exclusions | We describe our training data filtering process in details in Extended data figure 1. We excluded all studies with no available associated
radiology reports, less than 2 valid sequences, or incomplete metadata, resulting in a final training set of size 221,147.

Replication The model trained on the training set was used to make predictions on the prospective test set, which is completely mutually exclusive from
the training set temporally. The model achieves high AUC on classification tasks on the prospective test set, indicating that the model's
prediction capabilities can be reproduced on MRI studies outside the training set.

Randomization  The training set and the prospective test set was determined by MRI acquisition time. The prospective test set includes all studies acquired
between June 1, 2023 and May 30, 2024, while the training set consists of studies acquired prior to June 1, 2023. During CLIP training, a
randomly selected held-out of size 254 was selected from the training set; during classification head training, a balanced set of 100

positive/100 negative studies was randomly selected from the training set for each class as validation.

Blinding Blinding was not relevant to our study. We performed no clinical trials and the study is non-interventional.
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We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies |Z |:| ChIP-seq
Eukaryotic cell lines |Z |:| Flow cytometry
Palaeontology and archaeology |:| |Z| MRI-based neuroimaging

Animals and other organisms
Clinical data

Dual use research of concern
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Plants

Clinical data

Policy information about clinical studies
All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration  Our prospective study was a non-interventional, diagnostic study so it does not meet criteria for clinical trial registration.

Study protocol Our prospective study was a non-interventional, diagnostic study, not a clinical trial. The detailed study evaluation protocol is
included in the Methods sections of our submission.

Data collection Our dataset included all previous studies completed or recorded (Outside MRIs) at University of Michigan Health System.

Outcomes We evaluated our trained model on a prospective test set of MRIs, and reported prediction performance on many downstream tasks,
including 2 diagnostic predictions (arachnoid_cyst, colloid_cyst, dandy_walker_malformation, dysgenesis_corpus_callosum,
heterotopia, brain_abscess, viral_encephalitis, multiple_sclerosis, neurosarcoid, craniopharyngioma, pituitary_adenoma,
rathkes_cleft_cyst, syrinx, brain_herniation, cephaloceles, cerebral_atrophy, chiari_malformation, edema, encephalomalacia,
mass_effect, midline_shift, catheter, craniotomy, resection_cavity, brain_contusion, diffuse_axonal_injury, subdural_hematoma,
brain_metastasis, glioma, high_grade_glioma, low_grade_glioma, lymphoma, meningioma, pineal_tumor, schwannoma,
brainstem_glioma, ependymoma, germ_cell_tumor, medulloblastoma, pilocytic_astrocytoma, intracranial_hemorrhage,
intraventricular_hemorrhage, subarachnoid_hemorrahage, lacunar_stroke, large_vessel_stroke, moyamoya, small_vessel_disease,
arteriovenous_malformation, cavernoma, cerebral_aneurysm, intracranial_hypotension, ventriculomegaly), 15 referral predictions
(neurosurgery pediatric, neurosurgery skull base, neurosurgery general, neurosurgery trauma, neurosurgery tumor, neurosurgery
vascular, neurology pediatric, neurology epilepsy, neurology neurocritical, neurology neuroimmunology, neurology neurocognitive,
neurology oncology, neurology trauma, neurology stroke, neurology general), and patient acuity prioritization. Additional tasks
evaluated on external public datasets include brain age prediction, Autism/ADHD, and Alzhimer's/dimentia. Our model achieves
strong performance across all tasks evaluated.




Plants

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

was applied:
Authentication Describe-any-authentication procedures foreach-seed stock-used-or-novelgenotype-generated-—Describe-any-experiments-used-to

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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Magnetic resonance imaging

Experimental design

Design type Clinical MRI
Design specifications Our dataset include various sets of clinical protocol such as brain, stroke, pituitary gland protocol etc.

Behavioral performance measures  Our study did not involve behavioral performance measures.

Acquisition
Imaging type(s) T1, T2, DWI, FLAIR, ADC, SWI, MPRAGE
Field strength 1.5T-3T
Sequence & imaging parameters The sequence and imaging parameters varied a lot within our study cohort due to health-system wide clinical datasets.
Area of acquisition Our major focus for this study were head, brain, orbits, neck areas of acquisition.
Diffusion MRI [ ] Used Not used

Preprocessing

Preprocessing software The MRI data were processed using following software and frameworks; Python (v3.9), SimplelTK (v2.2.1), OpenCV
(v4.1.2.30), numpy (v1.24.3), pydicom (v2.3.0), nibabel (v4.0.1), Pytorch (2.3.1+cu121)

Normalization The data was not normalized. We did not perform normalization because we really want to create a model that can
generalize to all types of MRI sequences from all types of data sources and machines.

Normalization template No normalization was performed.

Noise and artifact removal No noise or artifact were removed as a preprocessing step. Our VQVAE model has some smoothing artifact after
reconstruction. We had additionally reoriented all the data to LPS orientation.

Volume censoring The volume weren't censored (neither defaced or skull stripped), although the metadata were removed from raw dicom files
and stored separately. The original volume accession numbers were replaced with UID.

Statistical modeling & inference

Model type and settings Our model consists of three parts: a VQ-VAE model that converts each volume token into token representations, hierarchical
multimodal transformers that generates a single representation vector for an entire MRI study, and classification heads that
makes predictions based on encoded study vectors. The hierarchical multimodal transformers includes several transformer-
based parts, including a ViT that encodes each sequence into a representation vector, a ViT that takes in all sequence vectors
of a study and generates a study representation vector, and a causal transformer that encodes sequence names. The
classification head is a 3-layer MLP that is trained separately for different downstream tasks.

Effect(s) tested Main downstream prediction tasks include 52 diagnostic predictions (arachnoid_cyst, colloid_cyst,
dandy_walker_malformation, dysgenesis_corpus_callosum, heterotopia, brain_abscess, viral_encephalitis,
multiple_sclerosis, neurosarcoid, craniopharyngioma, pituitary_adenoma, rathkes_cleft_cyst, syrinx, brain_herniation,
cephaloceles, cerebral_atrophy, chiari_malformation, edema, encephalomalacia, mass_effect, midline_shift, catheter,
craniotomy, resection_cavity, brain_contusion, diffuse_axonal_injury, subdural_hematoma, brain_metastasis, glioma,
high_grade_glioma, low_grade_glioma, lymphoma, meningioma, pineal_tumor, schwannoma, brainstem_glioma,
ependymoma, germ_cell_tumor, medulloblastoma, pilocytic_astrocytoma, intracranial_hemorrhage,
intraventricular_hemorrhage, subarachnoid_hemorrahage, lacunar_stroke, large_vessel_stroke, moyamoya,




small_vessel_disease, arteriovenous_malformation, cavernoma, cerebral_aneurysm, intracranial_hypotension,
ventriculomegaly), 15 referral predictions (neurosurgery pediatric, neurosurgery skull base, neurosurgery general,
neurosurgery trauma, neurosurgery tumor, neurosurgery vascular, neurology pediatric, neurology epilepsy, neurology
neurocritical, neurology neuroimmunology, neurology neurocognitive, neurology oncology, neurology trauma, neurology
stroke, neurology general), and patient acuity prioritization. Additional tasks evaluated include brain age prediction, Autism/
ADHD, and Alzhimer's/dimentia.

Specify type of analysis: Whole brain || RObased [ | Both

Statistic type for inference

(See Eklund et al. 2016)

Correction

Models & analysis

n/a | Involved in the study

Cluster wise (voxels are clustered into volumn tokens before being fed into our model). Each volume token is clustered by
location of voxels, i.e. the entire 3D sequence (256x256xH voxels) is cut up into volume tokens, where each token is a cube of
32x32x4. The z dimension is further scaled up to final shape of 32x32x8.

When training classification heads, we hold-out a balanced set of training instances as validation set, which is not used to
train the classification heads. We select the checkpoints of the classification heads with the highest performance on the held-
out validation set to be included in the final model.

|:| Functional and/or effective connectivity

|:| Graph analysis

|:| |Z Multivariate modeling or predictive analysis

Multivariate modeling and predictive analysis  Our model consists of three parts: a VQ-VAE model that converts each volume token into token

representations (for dimension reduction), hierarchical multimodal transformers that generates a single
representation vector for an entire MRI study, and classification heads that makes predictions based on
encoded study vectors. The hierarchical multimodal transformers includes several transformer-based parts,
including a ViT that encodes each sequence into a representation vector, a ViT that takes in all sequence
vectors of a study and generates a study representation vector, and a causal transformer that encodes
sequence names. The classification head is a 3-layer MLP that is trained separately for different downstream
tasks. The model is trained together with a language encoder (a pre-trained causal transformer based on
gpt-2 model) with CLIP objective on 221,147 pairs of MRI-study and corresponding summarized radiology
reports, with additional patient discrimination loss and augmentations. The classification heads are trained
separately for each downstream prediction task with different objectives (binary cross entropy loss with
positive weighting for all diagnostic and referral tasks, as well as Autism and dimentia; MSE loss for age
prediction; and cross entropy loss / binary ordinal metric loss for acuity prioritization). Metrics reported for
predictive analysis includes Area Under ROC Curve (AUC), Balanced Accuracy, Retrieval Accuracy, and MAE.
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