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Structured Bayesian modelling advances longitudinal EHR research
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Longitudinal electronic health records (EHRs) are routinely collected clini-
cal data, including diagnoses, procedures, medications, laboratory results and
other events recorded during healthcare delivery. Compared with traditional
cohort studies, EHRs offer greater scale and richer real-world clinical detail,
but their use for research is complicated by incomplete and inconsistent
documentation shaped by patterns of healthcare utilization. Recent artificial
intelligence (Al) approaches, particularly Transformer-based deep learning
models such as Med-BERT and Delphi-2M, have addressed part of this chal-
lenge by adapting language-model architectures to structured EHR
sequences.'” These models are flexible and powerful, but they do not directly
provide transparent disease phenotypes or explicit links between longitudinal
morbidity and genetic discovery.

Urbut and colleagues address this gap with ALADYNOULLI, a structured
Bayesian generative framework that jointly models longitudinal diagnoses,
age and genetic predisposition.” Patients are represented by time-varying
loadings on a small set of latent disease signatures, and each signature
encodes age-dependent risks for related conditions. As disease risk is
modelled as an additive mixture of signature-specific probabilities, the frame-
work can represent multiple simultaneous disease processes and persistent
chronic conditions more naturally than treating diseases independently.

Across UK Biobank, Mass General Brigham and All of Us, comprising more
than 683,000 participants and 348 diseases, ALADYNOULLI recovered 21
signatures with considerable cross-cohort preservation despite differences in
population composition, healthcare delivery and coding practice. Several
signatures had plausible biological content, including familial hypercholes-
terolaemia within an ischaemic cardiovascular signature and clonal
haematopoiesis within an inflammatory and critical-care signature. Signature-
based association analyses also identified genetic loci missed by conven-
tional single-trait analyses, while the explicit likelihood enabled inverse-prob-
ability weighting for participation bias.

The central advance of ALADYNOULLI is therefore not simply a new risk
predictor, but a model-based framework for defining reproducible longitudi-
nal disease phenotypes. This comment focuses on three issues raised by
that advance: what structured Bayesian trajectories gain and lose relative to
Transformer-based EHR models, whether the Bayesian specification is fully
used for uncertainty quantification, and what would be needed to move from
prognostic trajectories toward actionable digital twins.

STRUCTURED PHENOTYPES VERSUS FLEXIBLE PREDICTION
ALADYNOULLI and Transformer-based EHR models are two complemen-
tary answers to different modelling questions (Figure 1). Transformer models
are strong for event prediction, as self-attention can capture nonlinear, long-
range and context-dependent associations and can, in principle, combine
diagnoses with medications, laboratory measurements, clinical text and other
modalities. Delphi-2M, for example, illustrates how a generative sequence
model can estimate future event rates and generate plausible disease trajec-
tories. These properties make Transformer-based approaches natural candi-
dates for multimodal representation learning, forecasting and synthetic
trajectory generation. The main limitation is that flexible representations can
be difficult to interpret as stable disease phenotypes, and may partly reflect
coding practice or healthcare-use patterns rather than disease biology.
ALADYNOULLI makes a more constrained design choice, but that
constraint is precisely where its scientific value lies. It represents patients
through a limited number of smooth, age-dependent disease signatures,
rather than through a high-dimensional neural state. This structure makes
the resulting phenotypes easier to inspect biologically, compare across
cohorts and use in likelihood-based bias adjustment. Genetic covariates are
also explicitly linked to patient-specific signature loadings, which helps

connect longitudinal morbidity with genetic discovery. Its main limitation is
the corresponding loss of representational flexibility, as a fixed additive signa-
ture model may miss high-order interactions, abrupt transitions or uncom-
mon disease trajectories that Transformer-based EHR models can represent.

The consequences of these design choices are evident in the outputs
reported by the two studies. In ALADYNOULLI, hypercholesterolaemia, coro-
nary atherosclerosis and myocardial infarction contribute to an interpretable
ischaemic cardiovascular signature. Patient-specific lifetime exposure to this
signature was then used as a quantitative phenotype for genetic association
analysis, identifying 56 lead loci in UK Biobank. Delphi-2M, by contrast, was
evaluated primarily through future event rates and generated disease trajec-
tories. Its disease embeddings and explainability analyses revealed temporal
relationships between diagnoses, but the published study did not define a
phenotype or use its representations for genetic locus discovery. These find-
ings illustrate why the choice of model should be guided by the research
question. ALADYNOULLI is well suited to interpretable latent phenotyping,
genetic discovery and disease-level risk estimation, whereas Transformer-
based models are better suited to flexible event prediction, multimodal
modelling and trajectory simulation. The two approaches should be treated
as complementary rather than as competing alternatives.

Computational requirements present another trade-off. Both ALADY-
NOULLI and Delphi-2M were trained on approximately 400,000 UK Biobank
participants. The ALADYNOULLI implementation reports 8-10 min of training
per 10,000-participant batch on a multicore CPU, with four or more cores
recommended, and approximately 5-7 hours for the UK Biobank training
when run sequentially. The 2.2-million-parameter Delphi-2M model took
approximately one hour to train on an NVIDIA V100 GPU. Direct comparison
of computational efficiency is difficult because the two implementations were
evaluated on different hardware. However, ALADYNOULLI's batchwise imple-
mentation can run on standard multicore CPU hardware without GPU accel-
eration, which may lower the infrastructure required for training. On the other
hand, the computational cost of standard self-attention grows quadratically
with sequence length. Extending Transformer models to longer histories and
multimodal EHR data may therefore require much greater computational
resources.

BAYESIAN OPPORTUNITY FOR QUANTIFYING UNCERTAINTY

ALADYNOULLI's Bayesian specification is valuable not only for regulariz-
ing a generative model, but also for providing a basis for quantifying uncer-
tainty. In the current implementation, inference relies on the maximum a
posteriori (MAP), which is computationally sensible at Biobank scale and
supports robust point estimates. A natural extension would be to use the
Bayesian specification more explicitly to quantify uncertainty around latent
trajectories, disease associations and derived signature exposures.

Such uncertainty quantification could be especially useful when EHR
evidence is sparse or ambiguous. For patients with short or fragmented
records, posterior uncertainty around signature loadings could distinguish
confident phenotypic assignment from weak evidence. For rare diseases or
small subgroups, uncertainty around disease-signature associations could
prevent overinterpretation of unstable patterns. In genetic analyses, propa-
gating uncertainty in lifetime signature exposure could help separate robust
genetic signals from uncertainty introduced by phenotype construction. And
in clinical prediction, credible intervals may be more informative than point
estimates when decisions depend on whether a patient is clearly above or
near an action threshold. As full Markov Chain Monte Carlo (MCMC) may be
unrealistic at Biobank scale, future work could examine whether scalable
variational, Laplace or ensemble-based approximations can provide useful
uncertainty quantification.”
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Figure 1. Complementary paradigms for longitudi-
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FROM PROGNOSTIC TRAJECTORIES TO ACTIONABLE DIGITAL TWINS

ALADYNOULLI represents disease risk as longitudinal, patient-specific
trajectories that can be updated as clinical histories accrue. This feature
makes it relevant to medical digital twins, which also require patient-specific
models that evolve over time and can be used to simulate future outcomes
under alternative interventions. However, ALADYNOULLI's trajectories remain
prognostic rather than interventional. The model learns from observational
disease histories, but it does not identify how the same patient would evolve
under different treatment strategies. Turning this type of model into part of an
actionable digital twin would require treatment-aware longitudinal data,
explicit causal identification assumptions, counterfactual trajectories under
well-defined interventions and prospective validation of individualized treat-
ment response predictions.” The key challenge is that EHRs record care as
delivered, so treatment choices reflect indication, disease severity and health-
care access, while post-treatment outcomes may be incompletely captured.
These features make it difficult to infer treatment effects from observed data.
Future work will need to connect trajectory modelling with explicit causal
designs if digital twins are to move from forecasting disease risk to guiding
clinical action.

CONCLUSION

In summary, ALADYNOULLI shows the value of imposing interpretable
structure on longitudinal EHR data, while Transformer models offer comple-
mentary flexibility for complex sequence modelling. Further use of the
Bayesian framework could make uncertainty in patient trajectories and
derived phenotypes more explicit. Looking ahead, combining structured
phenotypes with flexible representations, scalable uncertainty quantification
and causal modelling may support more reliable disease forecasting and
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