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A weakly supervised transformer for rare
disease diagnosis and subphenotyping
from EHRs with pulmonary case studies
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Rare diseases affect an estimated 300-400 million people worldwide, yet individual conditions remain
underdiagnosed and poorly characterized due to low prevalence and limited clinician familiarity.
Computational phenotyping offers a scalable approach to improving rare disease detection, but
algorithm development is constrained by scarce high-quality labeled data. Expert-labeled datasets
from chart reviews and registries are highly accurate but limited in scope, whereas labels derived from
electronic health records (EHRs) provide broader coverage but are often noisy or incomplete. To
efficiently leverage both sources, we propose WEST (WEakly Supervised Transformer) for rare disease
diagnosis and subphenotyping from EHRs. At its core, WEST employs a weakly supervised
transformer trained on a limited set of expert-validated labels and extensive probabilistic silver-
standard labels —derived from structured and unstructured EHR features —that are iteratively refined
across training rounds to improve model calibration. We evaluate WEST on two rare pulmonary
conditions using EHR data from Boston Children’s Hospital and show that it outperforms existing
methods in phenotype classification, identification of clinically relevant subphenotypes, and
prediction of disease progression. By reducing reliance on manual annotation, WEST enables label-
efficient representation learning that supports accurate rare disease diagnosis and reveals deeper
clinical insights from routine EHR data.

Rare diseases are broadly defined as conditions affecting fewer than 1 in 2000
people in any World Health Organization region or, in the United States, as
those affecting fewer than 200,000 people"”. While individually uncommon,
rare diseases collectively impose a substantial public health burden, affecting
an estimated 300-400 million people worldwide'. In the United States alone,
approximately 30 million individuals—10% of the population—are living
with a rare disease, a prevalence comparable to that of type 2 diabetes™.
Despite their widespread impact, rare diseases—encompassing more
than 7000 distinct conditions—remain exceptionally difficult to diagnose.
Many clinicians encounter some of these conditions only once, if ever, in
their careers, limiting familiarity with their diverse clinical presentations™.
These challenges contribute to the so-called “diagnostic odyssey”—a years-

long process marked by inconclusive tests, repeated specialist referrals, and
frequent misdiagnoses—that many rare disease patients experience’. On
average, patients see between three and ten physicians and wait 4-7 years
before receiving an accurate diagnosis"**. Such delays hinder timely treat-
ment, elevate the risk of preventable complications, and contribute to pre-
mature mortality’"". The burden is especially severe in pediatrics, as 70% of
rare diseases manifest in childhood and 30% of affected children die before
age five"'”. There is therefore an urgent need for more accurate and timely
diagnosis to improve outcomes and quality of life for rare disease patients
across the lifespan.

These diagnostic challenges are particularly pronounced in rare pul-
monary diseases, which are notoriously difficult to identify due to their
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symptomatic overlap with more common respiratory conditions. Up to
one-third of individuals initially diagnosed with asthma are later found to
have been misdiagnosed, with their symptoms instead attributable to less
prevalent comorbid conditions'*'*. Pulmonary hypertension (PH), a pro-
gressive disorder characterized by mean pulmonary arterial pressure
>20 mmHg, often presents with nonspecific symptoms such as breath-
lessness and hypoxia—features that closely mimic asthma'*™"". This overlap
frequently delays recognition of PH until irreversible vascular damage has
occurred'®. Severe asthma, a distinct and high-burden phenotype requiring
high-dose inhaled corticosteroids along with a second controller to prevent
it from becoming uncontrolled, poses a similarly complex diagnostic
challenge'*”". Despite accounting for more than one-third of asthma-related
deaths, severe asthma remains under-recognized, and its clinical hetero-
geneity further complicates timely diagnosis and effective management™.
Together, these pitfalls underscore the limitations of relying solely on
clinical expertise and highlight the need for data-driven approaches capable
of detecting subtle, multi-dimensional disease patterns often missed in
routine practice.

Efforts to consolidate rare disease cases into condition-specific regis-
tries have yielded important clinical and epidemiologic insights, yet most
registries remain too small and narrowly focused to support comprehensive,
generalizable disease characterization” . Because registry inclusion typi-
cally requires a confirmed diagnosis, patients with atypical presentations or
unrecognized disease—those most essential for building representative
datasets—are systematically excluded. The widespread adoption of elec-
tronic health records (EHRs) has helped address these limitations, enabling
rare disease research at scale by capturing a broader and more hetero-
geneous spectrum of clinical presentations than traditional registries. EHRs
contain rich longitudinal data in both structured (e.g., diagnosis, medica-
tion, and procedure codes) and unstructured (e.g,, free-text notes) formats,
documenting each patient’s diagnostic trajectory—including misdiagnoses
and testing patterns that trace where patients with rare diseases are missed
along the diagnostic pathway *°.

Building on the breadth and depth of these data, machine-assisted
clinical decision support is increasingly being integrated into research and
healthcare workflows across a wide range of applications’. Within pul-
monary medicine, such approaches have shown particular promise, sup-
porting real-time imaging interpretation™”", flagging high-risk patients for
specialist referral’”, and retrospectively identifying undiagnosed individuals
for inclusion in registries and observational studies”. A central capability
underlying many of these advances is the automated analysis of EHR data to
infer patient state—such as presence or absence of a disease condition given
data observed during a temporal period—often referred to as computational
phenotyping. Traditionally, computational phenotyping has relied on rule-
based algorithms that apply predefined logical criteria—such as specific
diagnostic codes, medication patterns, or characteristic laboratory
abnormalities documented in the medical record—to infer disease status™”.
Recently, unsupervised and weakly supervised phenotyping algorithms
have emerged as more generalizable alternatives, leveraging rich clinical
features and, when available, “noisy" but informative proxy labels**’. While
effective for well-characterized conditions with standardized coding sys-
tems, these methods often have unsatisfactory performance for rare dis-
eases, which are clinically heterogeneous and may lack clearly codified
diagnostic criteria***'. Moreover, they do not support subphenotyping—the
stratification of patients into clinically meaningful subgroups based on
prognosis or treatment response—because they treat disease as a binary
construct, overlooking heterogeneity in presentation and progression. As
clinical care increasingly demands personalized diagnosis, risk assessment,
and modeling of disease trajectories, there is a growing need to move beyond
binary phenotyping toward richer diagnostic and subphenotyping frame-
works that capture the full complexity of the patient’s longitudinal EHR
profile.

To enable more expressive and scalable modeling of clinical data,
machine learning (ML) and deep learning (DL) have emerged as powerful
approaches for large-scale disease characterization and prediction***. A key

development in this space is representation learning, which transforms
heterogeneous, high-dimensional EHR data into low-dimensional embed-
dings that capture semantic, temporal, and contextual structure among
medical concepts”. These concept-level representations—learned from
both structured codes and unstructured narratives*—can be aggregated
into patient-level embeddings that support a wide range of downstream
tasks. Importantly, such representations leverage all available EHR data,
eliminating the need for labor-intensive feature curation that captures only a
small fraction of the information contained in each patient’s record”. By
compressing the full EHR into rich summary embeddings with shared latent
structure, representation learning enables multi-outcome assessment that
extends well beyond traditional single-outcome risk scores*. This founda-
tion allows patient embeddings to drive statistically efficient sub-
phenotyping, disease trajectory modeling, and early detection of high-risk
states”. Collectively, these advances motivate replacing hand-engineered
rules with flexible ML/DL models that learn scalable, generalizable clinical
representations suited to the complexity and diversity of modern health-
care data.

Despite their success in modeling common diseases, existing ML/DL
methods often generalize poorly to rare disease contexts due to both data-
and model-related challenges. From a data perspective, rare disease EHRs
are inherently sparse, heterogeneous, and noisy***. Because these condi-
tions are infrequently encountered and inconsistently documented, critical
information is often missing or misclassified. For example, the presence of a
diagnostic code or concept in the EHR does not necessarily indicate a
confirmed diagnosis, as codes may be entered for billing purposes, used
provisionally, or persist from outdated assessments’*"'. Moreover, variation
in documentation practices across providers and institutions further com-
plicates the construction of accurate, large-scale training datasets, ampli-
fying noise and bias in downstream analyses. From a modeling standpoint,
most ML/DL approaches for EHR interpretation rely on supervised learn-
ing, which depends on large, high-quality labeled datasets—a resource rarely
available in rare disease research™. Fully supervised models trained on small
cohorts often overfit to narrow or imperfect labels that fail to capture the full
spectrum of disease manifestations, limiting their generalizability and
clinical utility. Collectively, these challenges have fueled growing interest in
weakly supervised learning, which leverages large collections of noisy or
partially labeled data to build more robust and data-efficient models in low-
label settings.

Among emerging DL architectures, transformers have shown parti-
cular promise for modeling EHR data due to their ability to capture complex
temporal dependencies and long-range relationships across irregular clin-
ical events’*, Models such as BEHRT"’, Med-BERT"’, RatchetEHR", and
Foresight™ have demonstrated state-of-the-art performance across pre-
dictive and classification tasks in both structured and unstructured data.
These advances underscore the potential of transformer-based models to
learn expressive patient representations that support diagnosis, risk pre-
diction, and subphenotyping. Yet despite this promise, existing transformer
approaches remain constrained by the same supervised learning paradigm
that limits other ML/DL applications in rare diseases. Most require large
volumes of clean labeled data to train effectively, which restricts their utility
in data-limited, noisy, or label-scarce environments. As a result, their
potential for rare disease detection and broad diagnostic modeling remains
only partially realized.

To address this gap, we propose a weakly supervised transformer
(WEST) framework for learning robust patient representations from EHR
data in low-label, high-noise settings. Our end-to-end pipeline integrates a
small set of expert-validated gold-standard labels with a much larger pool of
silver-standard labels from real-world EHRs, which are refined iteratively
through self-training. By updating weak supervision within the training
loop rather than relying on fixed or single-pass pseudo-labels, WEST jointly
learns contextual code representations and their aggregation into patient-
level embeddings that support multiple downstream tasks—including
phenotype classification and subphenotype clustering—providing a label-
efficient training paradigm for EHR-based modeling and enabling
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evaluation of representation quality beyond a single predictive endpoint.
Importantly, the framework performs effectively even when only positive
gold-standard cases are available, making it well suited for rare diseases
where registries exist but exhaustive chart review is infeasible. We demon-
strate the value of this paradigm through two case studies, using pulmonary
hypertension and severe asthma as motivating examples to evaluate WEST’s
learned patient representations across multiple downstream tasks. Within
this scope, we observe improved disease status classification and the iden-
tification of clinically meaningful patient subgroups in rare disease cohorts
at Boston Children’s Hospital. Complementing these analyses, we conduct
targeted ablation studies to assess the roles of iterative label refinement,
transformer-based modeling, and supervision efficiency, providing insight
into WEST’s additive value relative to existing ML and DL baselines and
examining how its learned representations may support modeling beyond
phenotype identification in heterogeneous clinical populations.

Results

We evaluated the WEST framework on two rare pulmonary diseases—PH
and severe asthma—using EHR data from Boston Children’s Hospital. For
each disease, the model was trained and validated independently using
disease-specific EHR cohorts and labels curated by board-certified physi-
cians with subspecialty expertise in PH and severe asthma.

Data curation

For both PH and severe asthma, we constructed disease-specific cohorts by
first identifying at-risk patient populations from the EHR data at Boston
Children’s Hospital. The at-risk PH cohort comprised 14,305 randomly
selected patients with PheCode 415.2 (indicative of potential PH), while the
severe asthma cohort comprised 7822 randomly selected patients with
International Classification of Diseases, 10th Revision (ICD-10) codes
beginning with J45 (indicative of asthma of any severity).

Gold-standard cohorts consisted of patients with confirmed disease
status, established either through expert chart review or enrollment in a
disease-specific registry. Diagnostic criteria for gold-standard chart review
are provided in Section S2 of the Supplementary Materials. The gold-
standard PH cohort comprised 531 patients, with 106 (20%) set aside for
validation and testing, while the severe asthma cohort comprised 248
patients, with 99 (40%) set aside. Within the validation and testing subsets,
the PH cohort included 37 negative and 69 positive cases, whereas the severe
asthma cohort included 47 negative and 52 positive cases. These held-out
patients were further split into two equally sized cross-validation folds—one
used for validation (model checkpoint selection) and the other for testing
(performance evaluation). Final performance metrics were averaged across
cross-validation folds.

The silver-standard cohorts comprised the remaining at-risk patients
whose phenotype status had not been definitively adjudicated, totaling
13,774 for PH and 7575 for severe asthma. Initial probabilistic labels ys"" e
(0,1) were assigned to these patients using the Knowledge-driven Online
Multimodal Automated Phenotyping (KOMAP) algorithm™.

For PH, KOMAP was applied to codified EHR features, including
PheCode diagnoses, RxNorm medications, LOINC laboratory tests, and
Clinical Classifications Software (CCS) procedure codes. For severe asthma,
KOMAP was applied to natural language features extracted from clinical
notes using Narrative Information Linear Extraction (NILE)”. From these
codes and concepts, we designated PheCode:4152 for PH and
CULC0581126 for severe asthma as the target phenotypes, where CUI
denotes a Concept Unique Identifier from the Unified Medical Language
System (UMLS). For representation learning, we mapped the codified EHR
data in the PH cohort to pre-trained Multisource Graph Synthesis (MUGS)
embeddings” and the natural language processing (NLP)-derived features
in the severe asthma cohort to pre-trained Online Narrative and Codified
Feature Search Engine (ONCE) embeddings™. This selection reflected both
computational feasibility and the distinct data modalities of the two cohorts,
while also demonstrating the flexibility of the WEST framework to
accommodate different pre-trained embedding sources.

Evaluation metrics

We first assessed the classification performance of the WEST pipeline on

labels not used during training. Evaluation was performed using two-fold

cross-validation, computing the area under the receiver operating char-
acteristic curve (AUC), F1 score, positive predictive value (PPV), and spe-

cificity for each fold and averaging across folds. Sensitivity was fixed at 80%

to enable fair and stable comparison across methods at a clinically mean-

ingful detection threshold, reflecting a practical balance between case
detection and false-positive burden in low-prevalence rare disease screen-
ing. To quantify uncertainty in model performance, 95% confidence
intervals for AUGC, F1 score, PPV, and specificity were estimated using non-
parametric bootstrapping with 1000 resamples on patient-level predictions.

WEST performance was compared against five classification baselines:

(1) Count: Binary labels derived by thresholding the frequency of the target
concept appearing in each patient’s EHR.

(2) KOMAP: Binary labels obtained by thresholding the initial silver-
standard probabilities generated by KOMAP™.

(3) XGBoost: A supervised gradient-boosted trees classifier®".

(4) Transformer (silver = gold): A transformer trained by treating all
silver-standard labels as gold-standard, without any iterative updates
or data augmentation.

(5) Transformer (gold only): A fully supervised transformer trained
exclusively on gold-standard labels.

As additional ablation studies, we examined two aspects of gold-
standard supervision. First, we varied the number of gold-standard labels
used for training, gradually increasing the labeled set from 25 to 400
examples. Second, we modified WEST to train without any gold-standard
negative labels, simulating a setting where no confirmed negatives are
available, and all negative training samples are drawn from the silver-
standard cohort.

We next evaluated whether the learned patient representations cap-
tured clinically meaningful heterogeneity. Among patients with known
disease status who were excluded from model training, we assessed whether
their embeddings could effectively separate true positive from true negative
cases. To visualize this separation, we applied t-distributed stochastic
neighbor embedding (t-SNE) to the WEST embeddings of held-out patients
and compared the resulting visualization with one derived from term
frequency-inverse document frequency (TF-IDF) embeddings, a widely
used baseline feature engineering approach® .

For subphenotype discovery, we focused on patients that the model
classified as having positive disease status. The WEST embeddings for these
patients were first reduced in dimensionality using principal component
analysis (PCA), retaining components that together explained at least 90%
of the variance. We then applied k-means clustering to these reduced
embeddings to identify latent structures within the representation space
corresponding to potential patient subgroups. To visualize the resulting
subgroups, we generated t-SNE plots showing the separation of k-means-
derived clusters among patients predicted to be disease positive. Finally, we
assessed the prognostic relevance of these clusters. For PH, we compared
survival distributions using Kaplan-Meier curves. For severe asthma, we
estimated hazard ratios (HRs) for recurrent clinical signs and symptoms
indicative of disease severity across clusters. Recurrent events were modeled
using a Cox proportional hazards model in the Andersen-Gill formulation,
which accounts for multiple episodes per patient and within-patient
correlation®. Signs and symptoms were identified from the EHR using
UMLS Concept Unique Identifiers (CUIs): dyspnea (C0013404), tachypnea
(C0231835), bronchospasm (C4552901), low oxygen (C0242184,
C1963140, C0700292, C4061338), respiratory failure (C4552651), and
status asthmaticus (C0038218).

Pulmonary hypertension

The WEST pipeline trained with both positive and negative gold-standard
PH labels achieved the highest overall classification performance—includ-
ing AUC, F1 score, PPV, and specificity—across all baseline methods
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Table 1 | Phenotype classification performance for pulmonary hypertension

Metric Count KOMAP XGBoost Transformer (silver Transformer WEST (w/oneg) WEST (w/ neg)
= gold) (gold only)

AUC 0.85(0.77-0.91)  0.86(0.79-0.92)  0.82(0.72-0.91)  0.84 (0.71-0.89) 0.88 (0.79-0.94) 0.91 (0.85-0.95) 0.93 (0.87-0.97)

F1 Score 0.79 (0.72-0.85)  0.84 (0.77-0.90)  0.85(0.79-0.91)  0.82 (0.72-0.87) 0.85 (0.79-0.92) 0.86 (0.77-0.90) 0.88 (0.80-0.92)

PPV 0.65 (0.57-0.74)  0.88(0.79-0.95)  0.87 (0.78-0.94)  0.84 (0.71-0.89) 0.89 (0.81-0.96) 0.91 (0.75-0.93) 0.95 (0.83-0.97)

Specificity 0 (0-0) 0.78 (0.63-0.90)  0.76 (0.59-0.89)  0.70 (0.49-0.79) 0.81 (0.68-0.93) 0.84 (0.58-0.86) 0.92 (0.71-0.95)

WEST trained with both positive and negative gold-standard labels, denoted WEST (w/ neg), achieved the highest AUC, F1 score, PPV, and specificity across all methods. The Transformer (silver = gold)
baseline was trained by treating all silver-standard labels as gold-standard (i.e., no iterative updates or augmentation), while Transformer (gold only) used only expert-validated labels. Transformer metrics

were averaged across two cross-validation folds, and all metrics are reported with 95% confidence intervals estimated by bootstrapping on patient-level predictions. Bold values denote the best

performance per metric.

Fig. 1 | Effect of gold-standard label count on
model performance. Curves show a AUC and b F1
score with 95% confidence intervals for PH as the
number of gold-standard training labels increases.
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(Table 1). Even when trained without gold-standard negative labels, WEST
still exceeded the performance of all baselines.

Figures 1 and S1 demonstrate that WEST performance increased
steadily with the number of gold-standard training labels. Notably, with as
few as 100 labels, WEST matched or outperformed all baseline methods, and
continued to improve as more labels were added.

In Fig. 2, we examine model performance across iterative rounds of
silver-label refinement for the PH cohort. Performance metrics—including
AUG, F1 score, PPV, and specificity—consistently improved from Round 1
to Round 2, reflecting the benefit of updating noisy silver-standard labels
with model-generated probabilities. By Round 3, performance curves sta-
bilized, indicating convergence of the refinement process. Accordingly, we
report Round 2 results throughout the manuscript.

As shown in Fig. 3, the WEST embeddings achieved clearer latent-
space separation between confirmed PH-positive and PH-negative cases
excluded from model training than did TF-IDF embeddings.

The WEST pipeline identified 1977 patients with PH. Clustering of
predicted PH-positive patient embeddings revealed two clinically mean-
ingful subgroups: a Slow Progression cluster (n = 1099) and a Fast Pro-
gression cluster (n = 878) (Fig. 4). Kaplan-Meier survival analysis showed a
significant difference in 5-year mortality between the two clusters (log-rank
p = 0.013; Fig. 5).

Severe asthma
Table 2 presents classification metrics across methods for the severe asthma
phenotype. Again, when trained with both positive and negative gold-
standard labels, WEST achieved the highest AUC, PPV, and specificity,
outperforming all baselines.

Patients classified by WEST as having severe asthma demonstrated
substantially higher risks for multiple markers of disease severity compared

with patients classified as non-severe. Significant associations were observed
for recurrent status asthmaticus (HR = 55.30, 95% CI: 43.93-69.61, p <
0.0001) and respiratory failure (HR = 3.19, 95% CI: 2.05-4.97, p < 0.0001).
Additional elevated risks were observed for recurrent low-oxygen events
(HR =2.66, 95% CI: 2.05-3.45, p < 0.0001), tachypnea (HR = 3.67, 95% CI:
3.17-4.26, p < 0.0001), bronchospasm (HR = 3.49, 95% CI: 2.20-5.55, p <
0.0001), and dyspnea (HR =2.97, 95% CI: 2.66-3.32, p < 0.0001), which,
when occurring frequently, indicate poorer asthma control (Fig. 6).

Again, among confirmed severe asthma-positive and -negative cases
held out from model training, latent-space separation was more distinct
when using WEST embeddings than with TF-IDF (Fig. 7).

Among 582 patients predicted to have severe asthma, k-means clus-
tering identified a Low Exacerbator cluster (n = 209) and a High Exacerbator
cluster (n=373) (Fig. 8). Patients in the High Exacerbator cluster had higher
risk of recurrent status asthmaticus (HR =2.35, 95% CI: 1.91-2.91, p <
0.0001), respiratory failure (HR = 2.68, 95% CI: 1.31-5.47, p = 0.0068), low
oxygen events (HR =1.54, 95% CI: 1.05-2.28, p = 0.0291), and tachypnea
(HR=141, 95% CL 1.11-1.79, p = 0.0050) compared with the Low
Exacerbator cluster (Fig. 6).

Discussion

In this study, we introduce WEST, a weakly supervised transformer fra-
mework that integrates a limited set of expert-validated annotations with
iteratively refined silver-standard labels to support data-efficient modeling
of rare diseases from EHR data. Across PH and severe asthma case studies,
WEST consistently outperformed rule-based and ML/DL baselines, while
also generating patient representations that more clearly separated disease
states and revealed clinically meaningful subgroups within each cohort. To
contextualize WEST’s methodological contributions, we highlight two key
sources of novelty relative to existing approaches: (1) WEST’s iterative
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Fig. 2 | Iterative refinement of silver-standard (a) (b)
labels. Classification performance across refinement 1.00 1.00
rounds for the PH cohort. Points denote cross- a8
validated estimates and error bars reflect 95% con- 0.95 0.95
fidence intervals for a AUC, b F1 score, ¢ PPV, and )
d specificity. Improvements from Round 1 to Round S S 0.90
2 and stabilization thereafter indicate convergence < 090 : 0.85
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Fig. 3| Patient-level embedding visualization for pulmonary hypertension. t-SNE
plots compare the separability of patients using a TF-IDF embeddings and b WEST
embeddings. Each blue circle represents a confirmed PH-negative patient and each

red circle a confirmed PH-positive patient. WEST embeddings show clearer
separation between disease states.
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Fig. 4 | Visualization of pulmonary hypertension subphenotypes in

embedding space. t-SNE plot of patient embeddings colored by progression sub-

phenotypes derived from k-means clustering. Each red circle represents a slow

progressor (n =1099) and each blue circle a fast progressor (n = 878) among patients

predicted to be PH-positive.

weak-supervision strategy, which establishes a label-efficient transformer
training paradigm distinct from prior clinical phenotyping frameworks, and
(2) WEST’s ability to learn latent disease representations that expose
clinically meaningful structure beyond primary labels. In this section, we
compare WEST directly to related work, underscoring where and how the
framework meaningfully extends existing phenotyping and representation
learning methods.

WEST builds on a growing body of work demonstrating that ML/DL
models can be trained effectively from imperfect labels when supported by
weak supervision. Prior frameworks such as Snorkel® and FixMatch”, along
with recent surveys of weakly supervised learning®, show that noisy or
partially labeled data can be transformed into reliable supervision signals
through pseudo-labeling (i.e., generating silver-standard labels from weak
heuristics) and denoising (i.e., refining those labels using model- or rule-
based corrections). Within clinical informatics, a parallel line of work has
leveraged surrogate signals to generate silver-standard labels for EHR-based
phenotype modeling. Unsupervised approaches such as PheNorm”,
MAP®, and PheVis™ derive probabilistic phenotype scores from diagnostic
codes, NLP concepts, and healthcare utilization features. A related class of
methods—including KOMAP*’; Automated Phenotype Routine for
Observational ~Definition, Identification, Training and Evaluation
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(APHRODITE)™; and weakly semi-supervised DL (WSS-DL)”—extend
this regime by incorporating concept embeddings, curated anchor features,
or neural architectures to further improve label quality and phenotyping
accuracy in low-annotation settings. Collectively, these efforts demonstrate
that combining a small number of curated labels with large quantities of
noisy or weak labels can substantially improve generalization and provide
an effective foundation for label-efficient clinical modeling.

However, none of these frameworks integrate weak supervision with
transformer-based modeling or perform iterative refinement of silver-
standard labels within the training loop. WEST’s novelty lies in its oper-
ationalization of silver-standard label refinement as a self-training (pseudo-
labeling) paradigm, where model-predicted probabilities for unlabeled
examples are reused as soft labels in subsequent training rounds. While prior
weakly supervised phenotyping approaches leverage noisy or probabilistic
labels, these labels are typically generated during preprocessing and treated
as fixed during downstream training. In contrast, WEST embeds prob-
abilistic silver-standard labels directly within a transformer-based training
loop and updates them iteratively as model representations improve. This
yields an end-to-end framework that jointly refines supervision and learns

5-Year Survival for Fast vs. Slow Progression Cluster
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Fig. 5 | Survival outcomes across pulmonary hypertension subphenotypes.
Kaplan-Meier survival curves show 5-year survival probability for Slow Progression
(red line) and Fast Progression (blue line) clusters identified by k-means on WEST
embeddings. Shaded regions represent 95% confidence intervals. The difference
between curves was significant (log-rank p = 0.013).

contextual patient representations from multimodal EHR data—including
diagnoses, procedures, medications, and NLP-derived concepts—while
remaining highly label-efficient. By coupling iterative pseudo-label refine-
ment with a transformer backbone, WEST captures long-range depen-
dencies across irregular clinical events ***, enabling representations that
encode disease evolution, progression patterns, and clinical context beyond
what static features or single-pass weak-label pipelines can recover.

In addition to the expressiveness of the transformer architecture,
ablation studies demonstrate that WEST’s training paradigm contributes
substantial additional performance gains. Across PH and severe asthma,
WEST improved AUC over baseline transformers by +0.05 to +-0.09 points,
reflecting the consistent benefits of its data augmentation and iterative label-
refinement strategy beyond architectural capacity alone (Tables 1 and 2).
Moreover, when we vary the number of gold-standard labels (Fig. 1), WEST
maintains superior performance and remains robust even with as few as 100
expert-labeled examples, underscoring the advantages of label-efficient
weak supervision and iterative refinement. Together, these findings indicate
that WEST provides a principled way to exploit unlabeled data and learn
expressive patient representations even when high-quality labels are scarce.
This advantage is especially important in rare disease settings, but it also
extends to more common diseases where labeled data remain a bottleneck.
The training paradigm itself is broadly applicable and continues to benefit
from richer supervision, as reflected by the performance gains observed in
Fig. 1.

Beyond identifying primary disease status in PH and severe asthma,
WEST produced patient embeddings that clustered to reveal latent structure
associated with meaningful clinical heterogeneity. In the PH cohort, these
embeddings separated patients into Slow Progressor and Fast Progressor
subgroups, which exhibited significantly different long-term survival tra-
jectories. Similarly, in the severe asthma cohort, WEST distinguished Low
Exacerbator and High Exacerbator subgroups, with high exacerbators
experiencing elevated risk of severe adverse events including recurrent status
asthmaticus, respiratory failure, and hypoxemia. Together, these findings
indicate that WEST captures underlying dimensions of disease biology and
care patterns that extend beyond codified diagnoses, providing a foundation
for richer patient-state representation and more nuanced clinical
stratification.

Another important feature of WEST is that it learns a latent disease
representation rather than optimizing directly for a single clinical endpoint,
yielding embeddings that can support multiple downstream tasks including,
but not limited to, risk prediction without retraining the model. In this sense,
WEST serves a complementary yet fundamentally different role from
established clinical risk scores. Prognostic models such as REVEAL 2.0 in
PH’', the Risk Score for Asthma Exacerbations (RSE)"% and the Asthma
Exacerbation Risk (AER) score” are supervised tools explicitly optimized to
predict a single prespecified outcome (e.g., 12-month mortality in PH or 6-
to 12-month exacerbation risk in asthma) using curated clinical variables.
Their strength lies in calibrated, endpoint-specific prediction, but they are
not designed to generalize across outcomes or reveal latent disease structure
—a key limitation when working with rare diseases whose clinical subtypes
may not yet be well understood.

Table 2 | Phenotype classification performance for severe asthma

Metric Count KOMAP XGBoost Transformer (silver Transformer WEST (w/oneg) WEST (w/ neg)
= gold) (gold only)

AUC 0.80(0.71-0.89)  0.82(0.74-0.90)  0.83(0.74-0.90)  0.82(0.74-0.91) 0.78 (0.69-0.87) 0.85 (0.69-0.89) 0.87 (0.78-0.92)

F1 Score 0.78 (0.69-0.87)  0.81(0.72-0.88)  0.82(0.73-0.89)  0.77 (0.68-0.84) 0.76 (0.67-0.84) 0.78 (0.69-0.86) 0.80 (0.70-0.87)

PPV 0.74 (0.62-0.85)  0.74 (0.63-0.84)  0.78(0.66-0.88)  0.70 (0.56-0.78) 0.69 (0.58-0.81) 0.75 (0.62-0.84) 0.80 (0.65-0.87)

Specificity 0.68 (0.55-0.81)  0.66 (0.52-0.79)  0.72(0.59-0.84)  0.59 (0.38-0.67) 0.60 (0.45-0.72) 0.69 (0.54-0.81) 0.76 (0.59-0.85)

WEST trained with both positive and negative gold-standard labels, denoted WEST (w/ neg), achieved the highest AUC, PPV, and specificity across all methods. The Transformer (silver = gold) baseline was
trained by treating all silver-standard labels as gold-standard (i.e., no iterative updates or augmentation), while Transformer (gold only) used only expert-validated labels. Transformer metrics were averaged
across two cross-validation folds, and all metrics are reported with 95% confidence intervals estimated by bootstrapping on patient-level predictions. Bold values denote the best performance per metric.
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Fig. 6 | Associations of asthma subphenotypes with adverse events. Hazard ratios
and 95% confidence intervals (horizontal lines) are shown for six clinical indicators
of asthma severity, based on recurrent event analyses. Each panel represents a

separate comparison: a severe versus non-severe asthma and b high versus low
exacerbator clusters among individuals with severe asthma. Vertical dashed lines
indicate a hazard ratio of 1 (no association).
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and each red circle a confirmed severe asthma-positive patient. WEST embeddings
show clearer separation between disease states.
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Fig. 8 | Visualization of severe asthma subphenotypes in embedding space.

t-SNE plot of patient embeddings colored by subphenotypes identified by

k-means clustering. Each red circle represents a low exacerbator (n = 209) and

each blue circle a high exacerbator (n = 373) among patients predicted to have

severe asthma.

From a statistical perspective, traditional risk scores assume a direct
supervised mapping Y|X ~ Model(8"X), where X denotes the high-
dimensional matrix of observed EHR features,  the corresponding para-
meter vector, and Y a single clinical endpoint that must be explicitly
observed. This formulation restricts inputs to hand- or model-selected
features and depends entirely on labeled observations, leaving unlabeled
data unused and capturing only a fraction of the available clinical
information®. In contrast, WEST first learns a low-dimensional latent
representation D = f(X) from the full EHR using weakly supervised prob-
abilistic labels. This deep representation summarizes salient clinical infor-
mation in X across a broader patient population, reducing dimensionality
and improving statistical efficiency for downstream applications™. The
learned representation can then support a variety of downstream tasks. For
example, it can be clustered to produce discrete disease states S = Cluster(D),
which capture underlying disease heterogeneity and whose differences can
be evaluated using simple supervised models. Once fis learned, D and S act
as latent disease descriptors that are more stable, expressive, and clinically
informative than the raw feature space X, enabling the exploration of disease
subtypes and progression patterns that extend beyond what traditional risk
scores can reveal.
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This paradigm also resonates with ideas from domain adaptation and
cross-domain representation learning, which demonstrate that mapping
heterogeneous datasets into a shared latent space can yield representations
that generalize across settings even when their observed feature distributions
differ substantially”. Likewise, recent work in cross-domain few-shot
learning shows that projecting data from different domains into a common
latent space—and then learning a classifier using only a small number of
labeled target examples—supports effective adaptation under limited
supervision”>”. Although WEST does not perform cross-institutional or
cross-phenotype transfer in this study, these conceptual parallels suggest
that latent representation learning may offer a promising foundation for
future cross-site and cross-disease generalization efforts. Such extensions
could further support the development of clinical decision support tools and
facilitate discovery for rare disease phenotypes whose manifestations are not
yet fully characterized.

A primary contribution of WEST is therefore its ability to learn an
outcome-agnostic embedding space that supports a broad range of down-
stream analyses. Learned representations enable exploratory sub-
phenotyping without predefined outcome labels—unlike traditional
prognostic scores—and can be paired with supervised models to construct
risk scores if desired. Accordingly, we view the subphenotyping results as
hypothesis-generating rather than replacements for validated clinical risk
tools, while emphasizing that WEST offers a complementary and more
general framework for profiling patient state in settings where labeled data
are limited, disease courses are heterogeneous, and multiple clinical out-
comes are of interest.

Several opportunities remain to extend and generalize this work.
While our evaluation was retrospective and conducted within a single
health system, future applications across diverse care settings and
patient populations will be essential to assess robustness and broader
generalizability. Because WEST learns a shared latent representation
rather than task-specific features, the framework is naturally compa-
tible with multi-site deployment and transfer learning. Although we
have not yet evaluated WEST across institutions, the conceptual
foundations outlined above suggest that the learned embeddings may
transfer well to new settings once appropriate validation cohorts are
available. Further, in its current form, WEST focuses on single-
phenotype prediction. Extending the framework to multitask or cross-
disease learning represents an important next step, enabling the model
to leverage shared structure across related conditions and supporting
cross-phenotype transfer in settings where certain diseases are too rare
or poorly characterized to support standalone model training. Such
extensions may be particularly powerful for accelerating discovery in
rare diseases whose clinical manifestations and subtype structure are
not yet fully understood. Likewise, validating both the identified phe-
notypes and subphenotypes in external cohorts will be critical for
confirming reproducibility, characterizing cross-population stability,
and assessing clinical relevance. Finally, moving from retrospective
evaluation toward prospective validation and clinician-in-the-loop
testing will be essential for understanding WEST’s practical utility,
interpretability, and integration into real-world clinical workflows.
Together, this study provides the foundational framework, empirical
benchmarks, and data infrastructure necessary to support these future
directions—marking a first phase toward generalizable, clinically
actionable, and label-efficient transformer models for digital health.

In summary, this study provides evidence that weak supervision, when
combined with transformer-based modeling, can support data-efficient
learning from EHR data when high-quality labels are limited. By integrating
a small set of expert-validated annotations with iteratively refined prob-
abilistic supervision, WEST demonstrates improved diagnostic perfor-
mance for PH and severe asthma cohorts at Boston Children’s Hospital. The
framework also identifies patient subgroups that align with clinically
meaningful sources of heterogeneity not readily captured by codified
diagnoses alone. Together, these results suggest that weakly supervised
transformers can move beyond traditional rule-based phenotyping by

learning patient representations that reflect disease-related structure and
temporal patterns in real-world EHR data.

In addition, WEST reduces reliance on extensive manual annotation
while maintaining competitive performance relative to existing ML and DL
baselines. By leveraging limited expert input to refine large-scale probabil-
istic labels, the framework facilitates more scalable and resource-efficient use
of multimodal EHR data. Beyond phenotype identification, the learned
representations show potential utility for downstream tasks such as sub-
phenotyping, risk modeling, and trajectory analysis, offering a com-
plementary alternative to single-endpoint clinical risk scores. More broadly,
WEST illustrates a label-efficient modeling paradigm that may be applicable
to diseases that are rare, heterogeneous, or imprecisely coded, and highlights
opportunities for integrating weakly supervised representation learning into
digital health research and data curation workflows.

Methods

Our end-to-end WEST framework integrates representation learning with
weak supervision and iterative label refinement to enable data-efficient
modeling of patient state from EHR data. We first identify a high-risk
patient cohort and assign initial phenotypic labels using gold- or silver-
standard sources (Section “Cohort identification and labeling”). Each
patient’s longitudinal clinical history is then transformed into a structured
input sequence through a multi-step pre-processing pipeline that includes
event aggregation, feature selection, and frequency encoding (Section “EHR
sequence pre-processing”). These inputs are processed by a multi-layer
transformer encoder that models dependencies among clinical concepts
(Section “Transformer encoder”). We then aggregate concept-level
embeddings to generate patient-level representations, apply a classifica-
tion head, and iteratively refine the silver-standard labels through weak
supervision (Section “Feature pooling and fine-tuning”). The framework
outputs both a patient-level phenotype prediction and a low-dimensional
embedding suitable for clustering and visualization. An overview of the
pipeline is shown in Fig. 9.

Cohort identification and labeling

We first define a high-risk patient cohort including individuals whose EHRs

show clinical evidence suggestive of the target disease or of related condi-

tions that confer elevated risk. For each disease-specific task, we designate a

target diagnostic code or concept ¢, which serves as an anchor for identi-

fying relevant features and guiding the label refinement process.

Leti=1,..., Nindexall patients in the high-risk cohort. Each patient i is
assigned a label y; reflecting their phenotype status. Based on the source and
reliability of the label, patients are stratified into two cohorts:

(1) Gold-standard cohort: patients whose disease status has been
confirmed through expert physician chart review or inclusion in a
disease registry. These patients are assigned gold-standard labels,
denoted yigald, which serve as high-fidelity references for model training
and evaluation. We allow this set to be small to ensure that the WEST
pipeline is label-efficient.

(2) Silver-standard cohort: patients with possible but unconfirmed
diagnoses. These patients are assigned silver-standard labels, denoted
yj””", inferred from the EHR data. Silver-standard labels can be defined
using rule-based heuristics—such as exceeding a threshold number of
occurrences of ¢ —or derived from the probabilistic predictions of
unsupervised automated phenotyping algorithms such as KOMAP™.
While these criteria expand the size of the labeled dataset, silver-
standard labels are inherently noisier and require iterative refinement.

The full set of training labels {y;} is drawn from both cohorts and
defined as:

gold

y. = Yii o
! il

yls ver

if patientiis in the gold — standard cohort,

if patientiis in the silver — standard cohort.
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Fig. 9 | Overview of the WEST phenotyping pipeline. The schematic illustrates the
end-to-end workflow of WEST. (1) Cohort identification and labeling assign gold-
standard (expert-validated) and silver-standard (probabilistic) labels. (2) EHR
sequence pre-processing converts longitudinal structured and unstructured data

into aggregated concept sequences with frequency encoding. (3) A transformer
encoder models dependencies among clinical concepts. (4) Feature pooling and fine-
tuning generate patient-level phenotype predictions and low-dimensional embed-
dings for subphenotyping. Figure created using Canva.

A central component of our framework is the iterative refinement of
silver-standard labels. Unlike gold-standard labels, which remain fixed,
silver-standard labels are dynamically updated during model training. After
each training round, the model generates updated predictions for the silver-
standard cohort, and these predicted probabilities replace the previous
labels. Each round consists of training for multiple epochs—with the
number of epochs treated as a tunable hyperparameter—using early stop-
ping, followed by cross-validated evaluation to assess model performance.
The silver-standard labels are then updated based on the model’s predicted
probabilities, and the model is retrained using these refined labels. In this
study, we performed up to three such iterative updates, stopping when the
cross-validated AUC did not improve in the subsequent round to avoid
overfitting to the silver-standard labels. This weakly supervised process
progressively improves both label quality and model calibration, leveraging
the scale and diversity of real-world EHR data to achieve more accurate
phenotype classification.

EHR sequence pre-processing

We transform each patient’s raw EHR into a structured representation
suitable for transformer-based learning. This pre-processing pipeline
comprises three key stages: (1) sequential representation of clinical
histories, (2) label-aware augmentation for gold-standard patients, and
(3) construction of input embeddings via feature selection and fre-
quency encoding.

Sequential representation of EHR data. For each patient i, the EHR is
modeled as a temporal sequence of clinical events partitioned into dis-
crete time windows. These windows reflect clinically meaningful periods
such as visits, months, or hospitalization episodes. Let the patient
sequence be:
P=WV,V,.. .V}

where T'is the number of observed time windows. Each window V, contains
a set of documented medical concepts and their associated occurrence
counts:

Ve = {(cq,10), (€, 12)s - - (CfKr7 ”tK[)L

where ¢y denotes a medical concept and ny the number of times it was
recorded in window V,. The number of concepts K, may vary across win-
dows and patients.

Label-aware augmentation for gold-standard patients. To enhance
generalization and enable effective learning from high-quality labeled
examples, we apply two augmentation strategies to the gold-standard
cohort: oversampling and dynamic temporal truncation. These methods
address class imbalance between gold- and silver-standard cohorts and
introduce variability into training.

First, we account for the limited size of the gold-standard cohort by
oversampling. Each gold-standard patient is replicated r times in the
training data, ensuring that high-confidence examples are adequately
represented and not diluted by the larger, noisier silver cohort. This
increases the frequency with which the model encounters trusted labels
during training, reinforcing supervision from reliable examples. To deter-
mine r, we examine the distribution of silver-standard labels and oversample
the gold-standard cases until the resulting label distribution matches the
expected prevalence of the target disease within the at-risk cohort. This
approach ensures that the effective proportion of gold-standard examples
remains clinically realistic while preventing them from being overwhelmed
by noisy silver-standard examples, thereby stabilizing training and
improving model calibration.

Second, we apply temporal truncation to simulate the incompleteness
and variability typical of real-world EHRs. During each training iteration,
for a patient sequence P = {V,, ..., V;}, we randomly sample a start and
end index, fyu¢ and feng, such that 1<ty <teq<T. The truncated
sequence is defined as:

Pr={, ...V, )

start end

This exposes the model to a variety of partial clinical trajectories—
some early, some late—mimicking patients presenting at different disease
stages or lacking complete documentation. Over time, this dynamic sam-
pling increases the diversity of training examples derived from a fixed gold-
standard set and improves robustness to temporal variability in real-world
EHR data. By balancing dynamically truncated gold-standard examples
with the larger silver-standard set and using cross-validation with early
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stopping to halt training before memorization occurs, these strategies col-
lectively prevent overfitting to the augmented gold-standard cases.

Feature engineering and embedding construction. To prepare each
sequence P or its truncated version P7 as input to the transformer, we
construct a structured representation through several pre-processing
steps. Let C = {(¢c;, n,), (¢c,,n,), ..., (cx, ng)} denote the set of unique
concepts and their cumulative counts across a patient’s selected time
period, whether from P or P/. Each concept ¢, € C is mapped to a vector
representation ey using a pre-trained embedding model (PEM) for
clinical concepts such as SapBERT”’, CODER"®, MUGS", or ONCE™:

e, = PEM(c}), ¢, € Rmu. (1)

Since the transformer model operates in a hidden space of dimension
dmode, We project each embedding into this space via a learnable linear
transformation:

10j i i 10j d
ei ) WPTOJek + bP"OJ’ ei’ ) c R model7 (2)

where WP9 g R4 *dimu and bP™ € Rmot are learnable parameters.
Given the potentially large number of unique concepts in C, we per-
form feature selection to retain only those most relevant to the target con-
dition. This serves two purposes: (1) reducing noise from unrelated
concepts, and (2) lowering computational burden, since transformer
attention scales quadratically with the number of input tokens’. To identify
relevant features, we compute the cosine similarity between the embedding
of each concept and that of the target concept ¢, representing the disease
condition of interest:
e, - e

S(eg, ) = 7
' e Il ex 117

(€)

where e and e are the respective embeddings. The top K concepts with the
highest similarity scores are retained:

encoding:

roj d
Z; =€ + Ppir Zy € R, ©)

Here, z;; is the input token for concept ¢, for patient i to the trans-
former. If concept ¢ is not observed for patient i, we set z;; = 0. This
formulation allows the model to simultaneously capture semantic similarity
across medical concepts and their implicit clinical significance based on
frequency. The final patient sequence is:

Z, ={z,;,2y;, ..., ZLg+;}-

Transformer encoder

Our model builds on a multi-layer transformer encoder but adapts it for the
challenges of weakly supervised phenotyping. The encoder serves two
purposes simultaneously: (1) patient-level classification, where the model
predicts the probability that a patient has the target condition, and (2)
representation learning, where it generates low-dimensional embeddings
useful for clustering and visualization.

Each patient sequence Z; is processed through stacked transformer
encoder layers. Within each layer, multi-head self-attention models
dependencies among medical concepts, enabling the network to focus on
the parts of the record most informative for the target disease. Standard
architectural elements—including residual connections, layer normal-
ization, and feedforward networks with nonlinear activations—are incor-
porated to ensure stable training. Full mathematical details are provided in
Section S1 of the Supplementary Materials, which describe the multi-layer
transformer architecture employed by WEST. The derivations clarify the
inner workings of the transformer encoder, including its attention
mechanism, projection layers, and feedforward components.

Feature pooling and fine-tuning

After passing through multiple transformer layers, the sequence of con-
textualized embeddings is aggregated into a fixed-length patient repre-
sentation using mean pooling:

C* = {(c;,ny), (3, 1y), .., (cg=, Mg )}, WhereS(cy, ¢*) 2 S(c,, ) = ... 2 S(cg+, ).

The target ¢ is always included to ensure phenotype-specific infor-
mation is preserved. Each . denotes the total count of concept ¢ across all
relevant time windows.

At this stage, we have constructed an aggregated set C* comprising
unique clinical concepts and their corresponding cumulative frequencies,
which summarize a patient’s longitudinal medical history. To encode
concept frequency—serving as a proxy for clinical significance, capturing
aspects such as chronicity or ongoing management—we introduce a
frequency-based embedding mechanism. Each patient-specific cumulative
count #y; for concept ¢ is projected into the model’s embedding space
through a two-layer feedforward network with a Swish-Gated Linear Unit
(SwiGLU) activation function, a gated variant of the linear unit shown to
improve expressivity and training stability in transformer feedforward
layers™:

Py = W5 SWIGLU (nWi™ + D) + 3", py; € e, (4)

with learnable parameters:

Diodel

R™%, b" R @modet |

Diodel

><17 w];a: c Rdmm,x 2

Dinodel

Wi” e R™%

’bﬁwse

Unlike traditional positional encodings used in NLP, this representa-
tion is grounded in concept frequency rather than token order, offering a
tailored signal for clinical models sensitive to the recurrence and persistence
of medical events. The final representation of each selected concept is
obtained by summing its embedding and patient-specific frequency

Xi:FZZi' (6)

This approach allows the model to capture contributions from all
medical concepts while accommodating sequences of varying lengths. The
pooled patient representation x; is passed through a classification head—a
linear layer followed by a sigmoid activation—to produce a probability
score:

p(yl) — O.(Wclassxi + bcl'aSS)7 (7)

where W and b™* are learnable parameters. The sigmoid function o( - )
maps the logit to a probability in the range (0, 1). Model training employs
binary cross-entropy (BCE) loss, which provides a well-calibrated
probabilistic objective for binary classification and naturally accommodates
the soft, probabilistic silver-standard labels used in our weakly supervised
setting. After each training round, the best-performing model on the
validation set is used to update silver-standard labels using its predicted
probabilities:

silver

Vi <~ p(y)- (8

This iterative label refinement allows the model to incorporate its own
predictions, progressively improving phenotype classification over training
cycles.
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Hyperparameter tuning

We performed hyperparameter tuning using a two-fold cross-validation
procedure to robustly select model configurations. For each hyperparameter
setting, the model was trained on one fold and evaluated on the other. A
random search strategy was employed to explore the following hyper-
parameter space: batch size € {64, 128, 256}, learning rate € {5e—4, 1e—3, 2e
—3}, hidden dimension € {32, 64, 128}, number of transformer layers € {2,
3, 4}, dropout rate € {0.3, 0.7}, and number of training epochs € {30, 50}.
AUC served as the primary selection metric, and the chosen hyperpara-
meters for each fold were subsequently used to train the final models.

Implementation

We implement WEST in Python 3.12.11 using PyTorch for model devel-
opment and scikit-learn for evaluation. The WEST pipeline automates
cohort pre-processing, hyperparameter optimization, cross-validation-
based model selection, model evaluation, and iterative silver-label refine-
ment across training rounds. Models are trained on a single NVIDIA GPU
(48-80 GB VRAM) using early stopping based on validation performance.
Each training run requires approximately 2-4 h per fold, and a complete
two-round pipeline, including hyperparameter search, evaluation, and label
updates, completes within 16-20 h. The implementation supports both
interactive execution and parallelized SLURM submission, with indepen-
dent GPU jobs per cross-validation fold to maximize utilization.

Data availability

The EHR data used in this study were obtained from Boston Children's
Hospital and contain protected health information that cannot be shared
publicly due to patient privacy regulations and institutional data use
agreements. Access to these data is therefore restricted and cannot be dis-
tributed outside the institution. Derived, de-identified summary results
supporting the findings of this study are available from the corresponding
author upon reasonable request and subject to institutional approval.

Code availability

The complete codebase, data-processing utilities, and training scripts
implementing the WEST framework are openly available at https://github.
com/kfgreco/WEST.
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