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Abstract

Electronic health records (EHRs) contain longitudinal traces of patients’ interactions
with the healthcare system. These patient trajectories—sequences of diagnoses,
medications, and other events over time—offer opportunities to predict adverse
outcomes early to intervene. In practice, however, EHR data are heterogeneous,
temporally complex, and often available only in limited-sized cohorts with scarce
labels. This thesis, Learning More from Less: Accurate and Trustworthy Foundation
Models for Patient Trajectories, investigates how to build foundation-style models
for such data.

The work is guided by the question: How can we improve prediction and provide
trustworthy explanations for adverse health outcomes by modeling longitudinal
EHR trajectories? It follows two tracks: (i) robust EHR-specific representation
learning, and (ii) trustworthy modeling.

First, the thesis enriches self-supervised pretraining for structured EHR. A
trajectory-order objective (TOO-BERT) teaches models to distinguish true temporal
order from plausible permutations, while a source-masked objective model cross-
sources dependencies. These objectives exploit the structure already present in
trajectories, yielding stronger representations and improved prediction of incident
outcomes.

Second, the thesis targets robust adaptation under label scarcity. Adaptive
Noise-Augmented Attention (ANAA) perturbs and smoothly augments attention
scores during fine-tuning, broadening overly sharp attention patterns and improving
performance.

Third, the thesis develops explanation methods tailored to multimodal trans-
formers EHR telemetry models. A manifold-aware baseline for Integrated Gra-
dients keeps attribution paths in high-density regions of the representation space,
improving faithfulness. Group-Sparse IG further adjusts the path schedule to pro-
duce sparse, token-level explanations that are more concise. Building on these
methods, the thesis also proposes an approach to aggregate individual-level attribu-
tions into population-level insights for greater actionability, and applies it to identify
key drivers of longevity and early mortality in the Malmö Diet and Cancer cohort

Finally, the thesis explores uncertainty estimation in small, sequence-based
datasets through a Gaussian process model with a decoupled global alignment kernel
for peptide permeability prediction. This demonstrates how structured sequence
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kernels can provide better accuracy and calibrated uncertainty when data are limited.
Overall, the thesis shows that in complex, data-scarce EHR settings, “learning

more from less” requires making the pretraining, fine-tuning, and explanation stages
explicitly reflect the structure of patient trajectories, leading to more accurate and
trustworthy models for clinical risk prediction.
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1. Introduction

1.1 Introduction

The digital transformation of healthcare has driven the widespread adoption of elec-
tronic health records (EHRs), creating rich, longitudinal data that document patients’
medical histories over time. These records contain heterogeneous and temporally
structured information—including diagnosis codes, prescribed medications, labo-
ratory results, vital signs, procedures, demographic attributes, and clinical notes.
When linked across encounters for the same individual, these data form an EHR
trajectory: a time-ordered sequence of visits in which each visit aggregates the
clinical events recorded at that point in time. EHR trajectories capture how dis-
eases emerge and evolve, how treatments are initiated and adjusted, and how risks
accumulate or resolve. As such, they have become a valuable source for machine
learning, enabling predictive modeling, early risk identification, and data-informed
treatment planning [2; 3].

Over the last few years, deep learning has achieved impressive results on EHR-
based prediction tasks (e.g., incident disease, readmission, length of stay) [2–4].
Recent models learn directly from full trajectories, using recurrent networks, e.g.,
LSTM [5], attention mechanisms, and especially Transformer architectures that
can capture both local and long-range dependencies via self-attention, enabling
rich context aggregation[1]. In parallel, self-supervised learning has emerged as a
practical response to label scarcity, where models are first pretrained on unlabeled
data via proxy objectives—most commonly masked language modeling (MLM),
which masks a subset of tokens and trains the model to reconstruct them from context
[6]—and then fine-tuned on downstream task swith comparatively few labeled
examples, yielding strong performance even in label-scarce settings. Foundation
models formalize this paradigm as models trained on broad data (generally using
self-supervision at scale) that can be adapted (e.g., fine-tuned) to a wide range of
downstream tasks [7].

In this thesis, we use patient trajectories to denote time-ordered sequences
of clinical events—such as diagnoses (ICD1) and medications (ATC2)—recorded
across visits. For many clinically important endpoints (e.g., incident disease, ad-

1https://www.cdc.gov/nchs/icd/icd-10-cm/index.html
2https://www.who.int/tools/atc-ddd-toolkit/atc-classification
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verse events), high-quality labels are scarce and cohort-specific, which limits purely
supervised learning. The foundation-model paradigm addresses this by pretraining
on large collections of unlabeled EHR trajectories to learn general-purpose back-
bones that can then be fine-tuned on downstream tasks with limited labeled data, as
demonstrated for structured EHR in models such as BEHRT and Med-BERT [8; 9].

Despite this progress, core challenges remain. EHR data are sparse, irregularly
sampled, and often incomplete; events are encoded in diverse systems whose se-
mantics are complex and evolving; temporal dependencies span variable intervals
and can involve delayed effects; and labels for important outcomes are rare, noisy,
and cohort-specific. Privacy and governance constraints further restrict broad data
sharing, limiting opportunities for large-scale model development and reproducible
evaluation. Moreover, while Transformers are well-suited to model both local
(within-visit) and global (across-visit) relations, they are data-hungry: in small- to
medium-sized EHR cohorts—typical for many registries—naïve fine-tuning can fail
to learn the nuanced disease–intervention dependencies that drive clinically mean-
ingful predictions. These realities motivate representation-learning strategies that
(i) respect heterogeneity and temporal structure, (ii) are robust and data-efficient,
and (iii) transfer across settings [2].

Beyond technical performance, societal impact and clinical adoption hinge on
transparency and trust. Accurate trajectory-based risk models can enable earlier
interventions, more equitable resource allocation, and better outcomes. But safe
deployment requires that clinicians understand why a prediction was made and how
confident the model is. Local (case-level) explanations help clinicians audit and
act on individual predictions, while global (population-level) summaries support
cohort stratification, guideline development, and policy decisions. Faithful, concise
explanations and reliable uncertainty estimates are therefore essential for actionable,
equitable, and trustworthy use in practice.

Scope and focus. This thesis lies at the intersection of predictive modeling and
model interpretability for longitudinal, EHR trajectories. It targets foundation-
model settings typical of registry data—where access to vast training corpora (as in
general-domain NLP) is uncommon—and thus emphasizes efficient pretraining and
robust adaptation under data constraints. Concretely, the work develops methods to
(i) tailor self-supervised pretraining to EHR structure so that models capture cross-
source and temporal dependencies, (ii) stabilize fine-tuning in low-label regimes
without altering the backbone architecture, and (iii) generate concise, faithful,
clinically useful explanations at both the individual and population levels.

Central question.

How can we improve prediction and provide trustworthy explanations
for adverse health outcomes by modeling longitudinal EHR trajecto-
ries?

2



To answer this question, the thesis articulates a set of research questions that
align with two overarching objectives: (1) improving the modeling of health tra-
jectories through representation learning and robust adaptation, and (2) improving
the interpretability, uncertainty quantification, and usability of the resulting models.
These directions are pursued through a sequence of studies that advance the state
of the art in self-supervised objectives, attention-space augmentations, explanation
methods for structured EHR, and aggregation of case-level attributions into cohort-
level insights. The next sections summarize the key challenges (Section 1.2) and
detail the research questions that guide the contributions (Section 1.3).

1.2 Challenges

Modern machine learning on EHR trajectories must operate across messy, multi-
source clinical data, respect irregular and long-range temporal structure, learn
effectively under privacy and label constraints, and produce outputs clinicians can
trust and act upon. The challenges below distill these requirements into concrete
design constraints that motivate the research questions and methods in this thesis.

Patient trajectories combine diverse sources—structured medical codes (ICD
diagnoses, ATC medications, procedure codes), laboratory results, vitals, demo-
graphics, medical imaging, signals, and often free text—recorded with non-uniform
granularity across institutions. Turning these into a coherent learning signal requires
(i) harmonization and semantic mapping across coding systems and data models,
(ii) aggregation within visits and across visits, and (iii) multimodal representation
learning that exploits cross-source relations instead of naïve concatenation [2; 10].

Accurate prediction depends on capturing both inner-encounter dependencies
(interactions among codes, labs, and medications within a visit) and the longitudinal
flow of disease and intervention across visits [2; 11; 12].

EHR trajectories are event-driven and therefore irregularly sampled: variable
time gaps carry signal but complicate alignment, interpolation, and evaluation.
Missingness is often structured (not missing at random), so simplistic masking or
imputation can bias both training and metrics [2; 12; 13].

Since EHR contains sensitive personal information, broad data sharing is re-
stricted and public trajectory datasets are scarce. Even within institutions, cohort
sizes for specific endpoints can be limited, and long-tail code distributions reduce
the effective sample size for many concepts. Training modern deep models, which
benefit from large-scale pretraining and robust validation, is therefore challenging
without careful data governance, augmentation, or proxy-task design [2; 3]. High-
quality labels for incident outcomes are costly to curate, imbalanced (rare diseases),
and often site-specific. [2; 14].

Shifts in coding practice, case-mix, measurement regimes, and care pathways
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degrade out-of-domain performance. Robustness, therefore, hinges on domain
adaptation, careful evaluation across institutions, and designs that separate signal
from site-specific artifacts[2; 15].

Multi-institutional training and external validation are essential for developing
generalizable models, but are hindered by legal, ethical, and technical constraints.
Practical deployments must contend with heterogeneity, trust, auditing, and com-
munication efficiency [16–18].

For models to be adopted in clinical settings, they must be reliable and trust-
worthy. Providing information about prediction uncertainty and explaining the key
factors behind each decision enables developers, clinicians, and practitioners to
better understand, inspect closely, and verify model outputs. Explanations must
be both faithful—accurately reflecting the model’s internal reasoning—and action-
able, highlighting the features that genuinely drive predictions in a way that supports
clinical decision-making. Reliable uncertainty estimates help clinicians gauge the
level of confidence to place in each prediction, thereby reducing the risk of overre-
liance on uncertain outputs. In addition to case-level explanations, population-level
summaries and fairness-aware evaluations are increasingly emphasized [2; 19].

Scientific progress in EHR trajectory modeling is limited by the scarcity of
publicly available datasets and the field’s heavy reliance on a few benchmark co-
horts—most notably MIMIC—which focus on ICU populations and are specific to
U.S. healthcare standards. This narrow focus can lead to models that are overfitted
to particular settings and not generalizable to broader or more diverse populations.
Recent initiatives such as EHRSHOT [20] and other benchmarking efforts advocate
for the development and use of more diverse datasets, richer and clinically relevant
prediction tasks, and few-shot evaluation settings that better reflect real-world clin-
ical challenges. Equally important is the transparent sharing of code, pretrained
models, and evaluation protocols tailored to the structure of EHR data. These prac-
tices are essential for improving reproducibility, enabling fair comparisons across
methods, and accelerating meaningful progress in the field [2; 20; 21].

1.3 Research Questions

This thesis is guided by a central aim: to improve predictive modeling and uncover
new risk patterns that can help prevent adverse health outcomes, using longitudinal
EHR data. To achieve this, the thesis pursues two tightly coupled research directions.

First, it aims to improve the predictive performance of deep learning models on
heterogeneous, temporally complex, and data-scarce EHR trajectories. Second, it
seeks to increase their transparency and trustworthiness by developing techniques to
explain predictions, so that risk estimates are not only accurate but also accompanied
by insight into why they were made. Fig. 1.1 shows this roadmap.
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Accordingly, the research questions addressed in this thesis are as follows:

Figure 1.1: Thesis roadmap linking goals, challenges, and methods.

RQ1. How can temporal order dynamics of medical codes be leveraged to improve
the learned representations in foundational EHR models beyond what is cap-
tured by standard MLM?
Standard MLM, given limitations in available EHR sources, captures contex-
tual relationships but often neglects the temporal sequence in which clinical
events occur. This question investigates whether explicitly modeling the tem-
poral order of visits and codes enhances a model’s ability to learn meaningful
disease–intervention patterns and long-range dependencies.

RQ2. How can we improve the performance of fine-tuning foundational EHR
models, particularly in low-data regimes, without requiring large labeled
datasets?
Transformers pretrained on large-scale, unlabeled EHR can struggle when
fine-tuned with limited labeled data. This question seeks augmentation tech-
niques at the fine-tuning stage—especially in attention space—that stabilize
training and preserve performance under data scarcity.

RQ3. How can self-supervised pretraining be adapted to learn cross-source depen-
dencies in multi-source EHR trajectories?
Many clinical features (e.g., diagnoses, medications, and questionnaire re-
sponses) interact across modalities. This question explores how pretrain-
ing objectives—particularly masked language modeling (MLM)—can be ex-
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tended with source-aware strategies to better capture inter-source relation-
ships and contextual dependencies in patient trajectories.

RQ4. How can we produce concise and faithful token-level explanations for pre-
dictions made by multimodal Transformers on EHR trajectories?
Local interpretability is essential for clinician trust. This question explores
how to develop explanation methods that are sparse (highlighting only the
most relevant tokens), faithful (aligned with the model’s true decision pro-
cess), and grounded in realistic patient representations (i.e., staying on the
learned manifold).

RQ5. How can individual-level explanations be aggregated to generate population-
level insights for cohort-wide analysis?
While case-level explanations support individual decisions, system-level in-
terventions require population summaries. This question addresses methods
for aggregating individual-level attributions across cohorts to identify features
that are consistently important at the population level.

RQ6. How can we provide reliable uncertainty quantification for sequence predic-
tion models, especially in small- to medium-sized datasets?
Uncertainty is critical for safety and model calibration. This question inves-
tigates techniques to quantify predictive uncertainty in data-limited settings
using molecular sequences.

1.4 Contributions

The main contributions of the thesis can be summarized as follows:
Paper I: Deep learning on EHR trajectories—a systematic review. This pa-
per presents a systematic review of 63 studies (published between 2016 and 2022)
that investigated deep learning in EHR trajectories. Crucially, the review identifies
the several persistent challenges in modeling EHR trajectories. These include: (i)
handling heterogeneous, multi-source data and aligning semantics across structured
modalities; (ii) capturing temporal coherence and long-range dependencies within
and across clinical encounters; (iii) managing irregular sampling, missing data,
and measurement bias; and (iv) addressing data insufficiency, while ensuring trust-
worthiness and transparency in deep learning models. These findings collectively
motivate the research directions pursued in the rest of the thesis.

Paper II: Trajectory-Ordered Objectives (TOO-BERT). This work introduces a
novel self-supervised auxiliary objective—called the trajectory order objective—to
complement masked language modeling (MLM) during pretraining on EHR tra-
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jectories. The goal is to enrich temporal representations by explicitly teaching the
model to understand the natural ordering of medical codes across visits (RQ1).

The method operates by generating contrastive pairs of sequences: ordered se-
quences that preserve the true temporal flow of events, and permuted sequences that
are synthetically reordered. These permutations are generated under constraints that
preserve clinical plausibility by conditioning on medical code co-occurrence statis-
tics. Specifically, code-swapping is applied to pairs of codes where one frequently
follows the other, encouraging the model to learn from meaningful disruptions
in temporal order. This auxiliary task improves representation quality during the
self-supervised pretraining phase.

Paper III: A Masked Language Model for Multi-Source EHR Trajectories.
This paper develops a two-step masking strategy for learning representations from
multi-source EHR data. In the first step, we mask individual codes along a patient’s
trajectory randomly. In the second step, we mask codes from only one source (for
example, only diagnoses) and train the model to reconstruct them from the remain-
ing sources (e.g., medication codes). This encourages the model to capture the
interaction between diseases and treatments, and improves downstream prediction
performance (RQ3).

Paper IV: Adaptive Noise-Augmented Attention (ANAA) for robust fine-tuning.
Foundational EHR models, usually pretrained with self-supervised objectives (e.g.,
MLM) often face label scarcity at fine-tuning time. In such cases, fine-tuned models
tend to under-explore the complex dependencies within patient histories, often
converging to narrow or oversimplified attention patterns, resulting in polarized
distributions (values concentrated near 0 or 1) (RQ2).

We propose Adaptive Noise-Augmented Attention (ANAA), a lightweight aug-
mentation applied during fine-tuning. ANAA operates in two steps on each head’s
attention scores (pre-softmax): (i) inject adaptive Gaussian noise whose scale is
calibrated to the head/layer statistics, promoting exploration of diverse dependency
paths; and (ii) apply a 2D Gaussian smoothing kernel over the score matrix, restor-
ing structural coherence and preventing the noise from devolving into unstructured
attention. This simple perturb-then-smooth procedure yields more informative self-
attention maps, improves robustness in low-data settings, and enhances downstream
predictive performance—while maintaining unchanged inference and minimizing
computational overhead.

Paper V: Group-Sparse, Manifold-Aware Integrated Gradients (GS-IG). In-
tegrated Gradients (IG) is a widely used attribution method for deep networks
because it satisfies key axioms such as sensitivity and implementation invariance.
However, for categorical, sequential inputs—e.g., medical codes in a patient trajec-
tory or words in a text—the choice of baseline is ambiguous and produces dense,
hard-to-interpret attribution maps (RQ4).
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We address both issues with Group-Sparse, Manifold-Aware IG (GS-IG). First,
we introduce a manifold-aware baseline defined as the mean of the embeddings,
ensuring that the IG path originates in a high-density region of the representation
space. Second, we reparameterize the IG path with a schedule per instance by opti-
mizing a group-sparsity objective. Together, these design choices keep attribution
paths close to the data manifold and transform dense token heatmaps into concise,
clinician-readable rationales that better reflect the model’s decision-making process.

Paper VI: From Individual Attributions to Population Risk: Identifying Key
Drivers of Longevity and Early Mortality.
Individual-level explanations help case review, but do not directly reveal cohort-
level drivers of risk (RQ5). This paper presents a framework that turns Integrated
Gradients—computed for longitudinal medical codes (diagnoses/medications) and
baseline phenotype/lifestyle variables—into population-level insights for mortality
prediction by aggregating attributions using (i) magnitude-based importance and (ii)
direction-aware positive/negative importance (toward vs. against the outcome). To
reduce sensitivity to modeling and aggregation choices, it also performs a consensus
analysis across multiple trained models and aggregation schemes, producing a
stable set of cohort-level features whose attributions consistently push toward versus
against the outcome.

Paper VII: Gaussian Processes with a Novel Molecular Decoupled Alignment
Kernel for peptide membrane permeability.
In small to medium-sized molecular sequence datasets, foundation models often
struggle to achieve high accuracy, reliable calibration, or effectively quantify pre-
dictive uncertainty (RQ6).

To address this, we develop a kernel-based probabilistic framework using Gaus-
sian Processes (GPs) tailored for peptide sequence modeling. Recognizing that
peptides can be represented as sequences of monomers, we design the Monomer
Decoupled Global Alignment Kernel (MD-GAK), which computes similarity be-
tween sequences through alignment costs. Unlike traditional global-alignment
kernels, MD-GAK decouples chemical similarity from gap penalties, enabling the
model to capture sequence-sensitive chemical relationships more faithfully. We
also provide a constructive proof that MD-GAK is a positive semidefinite (PSD)
kernel, guaranteeing it defines a valid GP covariance. When used as the covariance
function in a GP classifier, MD-GAK produces accurate, well-calibrated predictions
and provides trustworthy uncertainty estimates, demonstrating strong performance
even in small- to medium-sized datasets.
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2. Background

2.1 Foundation models

Foundation models are large models trained on broad, often heterogeneous data—typically
via self-supervision—that can be adapted to a wide range of downstream tasks with
minimal task-specific supervision [7]. This paradigm unifies earlier pretrain–fine-
tune workflows from Natural Language Processing (NLP) and vision and has re-
cently been proposed as a pathway to medical AI, where a single model family
supports many clinical tasks with limited labels [22].

Two landmark families—BERT [6] and the GPT line of models [23; 24]—were
among the first to show convincingly that (i) large-scale self-supervised pretraining
and (ii) the Transformer architecture [1] together form a powerful recipe for building
general-purpose models.

BERT (Bidirectional Encoder Representations from Transformers) is a stack of
transformer encoder layers pretrains a bidirectional stack of Transformer encoder
layers on two proxy tasks: (i) masked language modeling (MLM), where a subset of
tokens is masked and reconstructed from context, and (ii) next sentence prediction
(NSP), which encourages modeling of inter-sentence relations [6]. After this self-
supervised stage on large unlabeled corpora (BooksCorpus and English Wikipedia),
BERT is adapted to a target task by simply adding a shallow task head (a shallow
MLP) and fine-tuning all parameters for a few epochs (pretraining and fine-tuning).
This minimal adaptation step delivered state-of-the-art performance on GLUE [25],
SQuAD [26], and several other benchmarks, mostly because (a) MLM produces
rich, transferable semantic representations; (b) bidirectional self-attention captures
both left and right context in a single pass; and (c) the Transformer encoder makes
it easy to reuse the same backbone across tasks with very little labeled data [27].

GPT took the complementary route: it used a causal (left-to-right) Trans-
former decoder trained with a single, simple objective—next-token prediction—on
a large, diverse WebText corpus [28]. Instead of task-specific fine-tuning, GPT-2
demonstrated strong zero-shot and few-shot performance by prompting: the same
pretrained model could perform summarization, translation, and question answering
when the task was described in the input. GPT-3 scaled the very same idea—same
causal objective, same decoder-style Transformer—to 175B parameters, trained on
a much larger and more heterogeneous corpus, and extended the context window
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from 1,024 to 2,048 tokens [24]. At that scale, GPT-3 showed that in-context learn-
ing (zero/one/few-shot) can approach the performance of task-specific fine-tuning
on many benchmarks, without updating model weights. Its success rested on three
ingredients: (i) a simple, scalable self-supervised objective (next-token prediction);
(ii) broad pretraining data; and (iii) sufficient model capacity to internalize general
linguistic and world knowledge.

Self-supervised learning paradigm lets models exploit large, unlabeled cor-
pora and thus alleviates label scarcity, and Transformers (encoder-, decoder-, or
encoder–decoder-style) provide a flexible sequence model that can learn both short-
and long-range dependencies and be reused across tasks with very light adaptation.

2.2 Self-supervised learning

Supervised learning assumes access to input–output pairs {(𝑥𝑖 , 𝑦𝑖)} and learns a
function 𝑓𝜃 : 𝑥 ↦→ 𝑦 by minimizing a task loss (e.g., cross-entropy). Its performance
and generalization are therefore tightly linked to the size and quality of the labeled
set [29–31]. In EHR, high-quality labels (e.g., incident disease, mortality, com-
plications) are costly, rare, and often site-specific, which makes purely supervised
training fragile. Self-supervised learning (SSL) addresses this by defining proxy
tasks on unlabeled data, pretraining a model on these tasks, and then fine-tuning it
on the small labeled dataset.

2.2.1 Pretraining objectives

Most EHR foundation–inspired models follow the NLP recipe: a primary generative
objective that learns broad contextual structure, plus one or more auxiliary objectives
to improve the learned representation.

Generative/reconstruction objectives. The primary objective for structured EHR
is masked language modeling (MLM): mask a subset of medical tokens (ICD, ATC,
procedure) and predict them from context, learning bidirectional dependencies
across codes and visits in a context. MLM objectives have found widespread appli-
cation in EHR trajectory prediction tasks, largely owing to the capabilities of BERT
models to learn the context [8; 9; 11; 32–35]. A complementary family uses an
autoregressive objective [24] to predict upcoming medical events (e.g., codes for
the next day or visit) from the patient’s history, aligning the pretext task with the
temporal direction of care [36–38].

Knowledge-injection objectives. To explicitly couple diagnoses and interven-
tions, source-conditioned prediction heads can be added—predicting medications
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from diagnoses and vice versa—to force the representation to encode disease–treatment
relations [35; 39]. Other works inject external domain knowledge via auxiliary
heads, such as length-of-stay prediction (patient acuity) or visit type classification,
which helps mitigate sparsity and improves learned representation [9; 32; 38]. Ada-
Diag [40] added a domain classifier to distinguish data from different institutes and
enhance the generalizability and robustness of the learned representation against
dataset shifts.

Contrastive / discrimination objectives. Contrastive SSL encourages agreement
between different “views” of the same trajectory while separating different patients.
Hi-BEHRT employs a BYOL-style [41] agreement loss over augmented EHR se-
quences [33]. RAPT trains the encoder to discriminate patient trajectories and
detect mixed (stitched) sequences, strengthening identity and temporal coherence
[42]. GRACE augments MLM with a real-versus–GAN-generated contrastive sig-
nal to cope with data insufficiency [43]. Plain MLM can under-encode global
temporal structure. To address this, trajectory-ordered objectives require the model
to distinguish correctly ordered visit/code sequences from clinically plausible per-
mutations, directly teaching temporal coherence beyond local context [11]. This
echoes the motivation behind sentence-order prediction in NLP [44].

2.2.2 Adapting models to downstream tasks

Once a foundation model has been pretrained and acquired general knowledge, there
are several strategies to adapt it to a new prediction task that differ in how many
parameters are updated, how much storage/compute they require, and how well they
preserve the general knowledge encoded during pretraining.

Full model fine-tuning. The classical approach updates all parameters of the
pretrained network on the target task while adding a small task-specific head (e.g.,
a classifier). Popularized in language modeling by ULMFiT and BERT, end-to-end
fine-tuning delivers strong transfer with minimal architectural change [6; 45]. In
practice, effective tuning typically relies on small learning rates with warmup and
linear decay [6], layer-wise learning-rate decay or discriminative rates so early layers
move less than higher layers [45], gradual unfreezing [45], proximity regularization
around the pretrained point (e.g., AdamW) [46], and standard stabilization (dropout,
gradient clipping, early stopping) to mitigate optimization fragility [47]. While it
often maximizes single-task performance, full fine-tuning is parameter- and storage-
intensive (one full copy per task) and can be susceptible to catastrophic forgetting
in sequential training [48].
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Parameter-efficient fine-tuning (PEFT). PEFT updates only a small fraction of
parameters while keeping the backbone frozen. Representative families include:
Adapters (small bottleneck modules inserted between Transformer layers) that add
only a few percent task-specific parameters yet approach full fine-tuning accuracy
[49; 50]. LoRA (low-rank adaptation), which injects trainable low-rank matrices
into attention/Feed Forward Network (FFN) projections; it can reduce trainable
parameters by orders of magnitude and adds negligible inference latency [51].
BitFit, which tunes only bias terms and is competitive in small/medium data [52].
(IA)3, which learns per-vector multiplicative scales on key/value/FFN activations
and is effective in few-shot regimes [53]. PEFT is attractive when many tasks must
be served (one small adapter per task), when storage/latency are constrained, or
when we wish to avoid overwriting pretrained knowledge.

Linear probing (feature reuse). Here the backbone is frozen and only a linear
classifier is trained on top of the final representations. Linear probes were introduced
to assess representational quality in deep networks [54] and are widely used as a
low-cost adaptation/baseline (e.g., “linear evaluation protocol” in self-supervised
vision) [55]. Probing is fast, avoids overfitting in low-label regimes, and reveals how
separable the task is in the pretrained feature space, though it usually underperforms
parameter-updating methods when substantial task-specific adaptation is needed.

In-context learning (prompting). Large decoder-only models can perform new
tasks from instructions and a few demonstrations without any weight updates—the
model conditions on a prompt that contains task description and 𝑘 exemplars
(zero/one/few-shot) [24]. This is appealing when labeled data are scarce, rapid
iteration is needed, or model weights cannot be modified. Prompt-based PEFT
variants bridge prompting and fine-tuning: prefix-/prompt-tuning learn small con-
tinuous “soft prompts” while keeping the backbone frozen, often matching full
fine-tuning in low-data settings and improving with scale [56].

Choosing an adaptation strategy. In practice, the choice depends on data, com-
pute, and how far the downstream task departs from the pretraining signal. Full
fine-tuning maximizes single-task targets when labels and compute permit, because
all layers can specialize to the new endpoint [6; 45]. Parameter-efficient methods
(adapters, LoRA, BitFit, (IA)3) retain most of the backbone while updating a small
set of weights, offering an excellent performance–efficiency trade-off for multi-
task deployment or tight memory budgets [49; 51–53]. Linear probing is a fast,
low-variance baseline and a diagnostic of representation quality, though it usually
demonstrates a weaker performance [54; 55]. Prompting/in-context learning adapts

12



decoder LMs without requiring weight updates and is particularly attractive when
labels are scarce and rapid iteration is needed [24].

Most structured-EHR studies—including our work—use end-to-end fine-tuning
because: (i) outcome tasks (e.g., incident of Heart Failure, Alzheimer Disease, Early
Death) and cohort/coding shifts differ substantially from the pretext objectives,
so updating all layers improves discrimination and calibration; (ii) encoder-only
Transformers over categorical codes are modest in size, making full fine-tuning
feasible in clinical settings; Accordingly, fine-tuning remains the default for EHR
outcome models [8; 9; 11; 32; 34; 35; 57].

2.3 Transformer and self-attention

Overview. Transformers model a sequence 𝑥1:𝑛 by repeatedly applying self-
attention and position-wise feed-forward layers with residual connections and nor-
malization (fig 2.1) [1]. Let 𝑋 ∈R𝑛×𝑑model denote the token embeddings for a length-𝑛
sequence. A Transformer block computes

𝑌1 = LN
(
𝑋 +MHA(𝑋)

)
, 𝑌2 = LN

(
𝑌1+FFN(𝑌1)

)
,

where LN is LayerNorm, MHA is multi-head self-attention, and FFN is a two-layer
MLP applied identically at each position.

Tokens and embedding layer. Transformers operate on sequences of discrete to-
kens (e.g., words in text, or medical codes in EHR). Each token is represented by an
integer index in a vocabulary V, and an embedding layer maps these indices to con-
tinuous vectors. Concretely, a learned embedding matrix 𝐸 ∈ R |V |×𝑑model stores one
𝑑model-dimensional vector per token; given a sequence of token indices (𝑡1, . . . , 𝑡𝑛),
the corresponding input matrix 𝑋 ∈ R𝑛×𝑑model is formed by looking up the rows
𝐸𝑡1 , . . . , 𝐸𝑡𝑛 and (optionally) adding type, visit, or time embeddings. In language
models, tokens are typically subwords or words [1], whereas in EHR models such
as BEHRT and Med-BERT they correspond to clinical codes (e.g., ICD diagnoses,
ATC medications) and related event types [8; 9]. These token embeddings are
then combined with positional encodings (below) and passed through the stack of
Transformer layers.

Scaled dot-product attention. For one head ℎ with per-head width 𝑑𝑘 , queries,
keys, and values are linear projections

𝑄 = 𝑋𝑊
(ℎ)
𝑄
, 𝐾 = 𝑋𝑊

(ℎ)
𝐾
, 𝑉 = 𝑋𝑊

(ℎ)
𝑉
, 𝑊

(ℎ)
𝑄
,𝑊
(ℎ)
𝐾
,𝑊
(ℎ)
𝑉
∈ R𝑑model×𝑑𝑘 .
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Figure 2.1: The Transformer model architecture from [1].

Unnormalized attention scores are

𝑆 =
𝑄𝐾⊤
√
𝑑𝑘
+𝑀 ∈ R𝑛×𝑛,

where 𝑀 is an additive mask (0 for allowed positions and −∞ for disallowed ones;
see “Masks” below). Row-wise softmax yields the attention matrix

𝐴 = softmax(𝑆), 𝐴𝑖 𝑗 =
exp(𝑆𝑖 𝑗)∑
𝑗′ exp(𝑆𝑖 𝑗′)

,
∑︁
𝑗

𝐴𝑖 𝑗 = 1, 𝐴𝑖 𝑗 ∈ (0,1),

and the head output is 𝐻𝑒𝑎𝑑 (ℎ) = 𝐴𝑉 ∈ R𝑛×𝑑𝑘 . The scaling factor 1/
√
𝑑𝑘 stabilizes

gradients by controlling the variance of 𝑄𝐾⊤ [1].

Multi-head attention. With 𝐻 heads, outputs are concatenated and projected:

MHA(𝑋) = Concat
(
𝐻 (1) , . . . , 𝐻 (𝐻 )

)
𝑊𝑂, 𝑊𝑂 ∈ R(𝐻𝑑𝑘 )×𝑑model .
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Multiple heads allow the model to attend to heterogeneous patterns (e.g., short-
range co-occurrence and long-range dependencies) in parallel subspaces. Dropout
is commonly applied to 𝐴 or to the output projection 𝑌1 or 𝑌2 to regularize training.

Position-wise feed-forward network. The MLP applies the same transformation
at each position:

FFN(𝑥) =𝑊2𝜎(𝑊1𝑥+ 𝑏1) + 𝑏2, 𝑊1 ∈ R𝑑model×𝑑ff , 𝑊2 ∈ R𝑑ff×𝑑model ,

with a nonlinearity 𝜎 (ReLU or GELU). Residual connections and layer normaliza-
tion (pre-LN or post-LN variants) improve optimization stability [58].

Positional information. Because self-attention is permutation-invariant over po-
sitions, Transformers add position encodings 𝑃 ∈ R𝑛×𝑑model to 𝑋 (absolute sinusoidal
encodings, learned embeddings, or relative position biases). A common absolute
scheme uses

PE(pos,2𝑖) = sin
( pos
100002𝑖/𝑑model

)
, PE(pos,2𝑖+1) = cos

( pos
100002𝑖/𝑑model

)
,

while relative variants add content- and distance-dependent terms directly to 𝑆.

Masks (causal, padding, structure). Masks are injected additively in 𝑆 via 𝑀:

𝑀𝑖 𝑗 =

{
0, if 𝑗 is visible to 𝑖,
−∞, otherwise,

so that exp(𝑆𝑖 𝑗+𝑀𝑖 𝑗) = 0 for disallowed positions. Padding masks prevent attending
to pad tokens. Causal masks enforce 𝑗 ≤ 𝑖 for auto regressive decoding.

Complexity and long-sequence variants. Self-attention forms𝑄𝐾⊤with𝑂 (𝑛2𝑑𝑘)
time and 𝑂 (𝑛2) memory, which can be limiting for long trajectories. Approaches
such as sparse attention (Longformer [59], BigBird [60]), low-rank projections
(Linformer [61]), or kernelized attention (Performer) [62] reduce cost while ap-
proximating full attention.

In trajectory modeling, tokens represent clinical events (ICD diagnoses, ATC
medications, procedures, labs). Self-attention mixes information within and across
visits, enabling the model to learn short-range co-occurrence structure (within-visit
code interactions) and long-range disease–intervention dynamics across visits.
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2.4 Explainability in foundation models

Why explanations matter in EHR modeling. Foundation models promise strong
transfer and data efficiency, but clinical deployment requires that predictions be un-
derstandable, auditable, and trustworthy. In healthcare, explanations support model
debugging, bias assessment, and ultimately clinician acceptance; Recent works con-
sistently emphasize that explanation goals (safety, accountability, fairness) should
shape what is explained and how it is evaluated [19].

What counts as a good explanation. Two key criteria recur in the NLP/health
literature: faithfulness (does the explanation reflect the model’s actual reasoning
process) and usefulness/plausibility (is it clinically meaningful) [63]. Perturbation-
based metrics such as comprehensiveness and sufficiency operationalize faithfulness
by measuring what happens when highlighted tokens are removed/retained [64–66].
However, explanation metrics can be gamed or misaligned with human intuition, so
careful validation is essential [67].

Attention as explanation. Because BERT-style models produce attention weights,
a natural idea is to treat attention as importance. Yet multiple studies show that
raw attention often correlates weakly with causal influence: one can perturb atten-
tion without changing predictions, and gradient-based importance can diverge from
attention magnitudes [68; 69].

Gradient-based attribution. For bidirectional encoders, gradient backpropaga-
tion provides token-level attributions. Integrated Gradients (IG) [70] attributes a
trained neural network (𝐹 (𝑥)), to input features by integrating the gradient along a
path from a baseline 𝑥′ to the input:

IG𝑖 (𝑥;𝑥′) = (𝑥𝑖 − 𝑥′𝑖)
∫ 1

0

𝜕𝐹
(
𝑥′+𝛼(𝑥− 𝑥′)

)
𝜕𝑥𝑖

𝑑𝛼,

and is justified by axioms of sensitivity and implementation invariance [70] and
passed model-parameter randomization sanity check [71]. Two design choices are
critical when applying IG to embedding-based models (e.g., text or EHR codes).
Baseline selection: straight-line IG presumes an input representing “absence of
evidence.” While a black image (or zero vector) is sensible for pixels, categorical
sequences lack a natural null; heuristics such as using a special token (e.g., [MASK])
or explaining one token at a time (Sequential IG) keep interpolants syntactic and can
push paths off the empirical data distribution, affecting attribution quality [66; 72].
Path choice: linear interpolation in embedding space may traverse low-density
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regions, amplifying gradient noise and reducing faithfulness; moreover, gradient-
based methods usually return dense saliency scores that are difficult to read and
even harder to act upon [72; 73].

Perturbation-based explanations. These methods estimate feature importance
by directly altering the input and measuring the change in the model’s output. In
NLP, common variants include word/token erasure or leave-one-out, where a token
is removed or masked and the resulting confidence drop is measured [74]. Another
example is iterative input reduction, which repeatedly deletes the least-salient tokens
until the prediction flips; this often reveals overconfident, nonsensical rationales
[75]. A third family are local surrogate approaches like LIME and SHAP, which
approximate feature contributions by fitting simple models to many randomized
perturbations of the input [76; 77]. In structured EHR Transformers, the same idea
is implemented by masking ICD/ATC codes, entire visits, or modality blocks and
measuring the change in predicted risk [78].

Pros. (i) These methods are model-agnostic. (ii) Directly tied to causal influ-
ence on the model’s output and supports natural “what-if” questions (e.g., remove
a diagnosis/medication and measure the risk drop). (iii) Comes with practical fi-
delity checks such as deletions/insertions to validate that highlighted features truly
matter [79]. (iv) Within the perturbation family, Shapley-based SHAP offers ax-
iomatic guarantees (completeness, consistency, missingness) when its assumptions
hold [77]. Cons. (i) Most simple perturbation rules (token/feature erasure, occlu-
sion, input-reduction, LIME/RISE-style masking) lack formal attribution axioms.
(ii) Naive perturbations can produce out-of-distribution inputs in language and
EHR sequences (e.g., breaking grammar or clinical plausibility). (iii) Replace-
ment/baseline bias: importance can depend strongly on how features are “removed”
(e.g., [MASK], zeroed embeddings, or synthetic codes), and different baselines
yield different scores. (iv) Non-additivity: interactions among codes/visits mean
single-feature deletions can understate synergistic effects; attribution sums need not
equal the model’s output change. (v) Computational cost and instability: reliable
perturbation estimates require many forward passes. Input reduction can also expose
overconfident but unfaithful rationales; therefore, these scores are best interpreted
together with fidelity checks such as comprehensiveness and sufficiency. [64; 75].

2.5 Uncertainty estimation in foundation models

Why uncertainty matters. For clinical deployment, a model should not only
be accurate but also well-calibrated and able to express when it is unsure. It
is useful to distinguish epistemic (model) uncertainty, which stems from limited
data or misspecified parameters and can shrink with more data, from aleatoric
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(data) noise that is irreducible, and distributional (shift) uncertainty under out-of-
distribution (OOD) inputs [80]. In practice, we monitor predictive uncertainty and
its calibration via reliability diagrams and Expected Calibration Error (ECE) or Brier
score [81]. Below, we summarize the main families used with Transformer-based
nlp foundation models and with structured-EHR Transformers (e.g., BEHRT/Med-
BERT–style encoders).

Sampling (approximate Bayesian) methods. MC Dropout keeps dropout active
at test time and averages many stochastic forward passes[82]. It is simple to add
to the trained model in fine-tuning loops and is widely reported in healthcare as
a practical baseline for uncertainty [83]. Deep ensembles train 𝐾 independently-
seeded models and average their outputs; they yield strong accuracy and calibrated
uncertainties and are robust under shift, at a considerable cost [84]. Pros: black-
box, minimal code changes (MC dropout), strong OOD detection and calibration
for ensembles. Cons: multiple forward passes (MC dropout) or multiple models
(ensembles) raise latency/cost; variance may still be miscalibrated under strong
correlations or heavy label noise.

Distribution-aware single-model variants. Gaussian processes (GPs) provide a
classical Bayesian framework where predictions come with a full predictive distri-
bution: a mean (point prediction) and a variance that directly quantifies uncertainty.
The quality of this approach, however, hinges on the choice of kernel, which en-
codes the similarity structure of the inputs. For structured inputs such as molecular
or sequence data, well-designed kernels are crucial [85]. When an appropriate
kernel matches the data’s inductive biases, uncertainty can be both principled and
reliable—but designing such kernels for high-dimensional, heterogeneous inputs
(images, text, EHR trajectories) is challenging.

To bridge deep representations and GP-style uncertainty, several deep kernel
and distance-aware architectures combine neural feature extractors with probabilis-
tic output layers. SNGP (spectral-normalized neural Gaussian Process) adds spectral
normalization to the encoder to enforce approximate Lipschitz continuity and re-
places the final linear layer with a GP. This yields a single deterministic network that
is more distance-aware in feature space and improves calibration and OOD detec-
tion on modern architectures such as BERT.[86] DUE (Deterministic Uncertainty
Estimation) follows a related deep-kernel idea: it couples a bi-Lipschitz feature
extractor with an inducing-point GP head, producing calibrated, distance-aware un-
certainty with a single forward pass [87]. Evidential deep learning instead predicts
evidence parameters of a prior (e.g., a Dirichlet) so that low evidence corresponds
to high uncertainty; it yields rich uncertainty structure with a single deterministic
network but requires bespoke losses, priors, and regularization.[88]
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Pros: single forward pass; better OOD awareness (SNGP, PriorNets); no sam-
pling at test time (evidential). Cons: extra architectural pieces and hyperparameters;
dependence assumptions (e.g., GP feature maps) and training stability matter; may
still need post-hoc calibration.

Post-hoc calibration (confidence, not uncertainty decomposition). Tempera-
ture scaling rescales logits with a single scalar fit on a validation set; it reliably
reduces ECE without changing predictions and is common for LLMs and EHR risk
models [81; 89]. Beta calibration improves logistic/Platt scaling in binary settings
by modeling score distributions with a beta family [90]; Pros: trivial to apply;
cheap; preserves accuracy. Cons: no decomposition; can fail under shift; needs a
clean validation set.

Conformal prediction (simple, coverage–guaranteed outputs). Conformal pre-
diction (CP) is a wrapper around any trained model that turns point predictions into
prediction sets (or intervals) with a guaranteed error rate. Given a held-out calibra-
tion set and a user-chosen error level 𝛼 (e.g., 0.1), CP chooses a threshold so that,
on the calibration data, the true label lies inside the set at least 1−𝛼 of the time.
Under a mild assumption called exchangeability (data points are i.i.d. or, more
generally, order-invariant), this coverage guarantee transfers to new data [91]. In
clinical time-series/EHR deployment, CP is often used to abstain: if the set is large
(or empty), the system says “indeterminate” instead of issuing an over-confident
alert. Pros: explicit, finite-sample coverage guarantees; model-agnostic wrapper;
naturally supports abstention and risk-tiering.
Cons: outputs are sets (not calibrated probabilities); there is a trade-off between
set size and coverage; standard guarantees assume exchangeability and can degrade
under covariate shift.
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3. Summary of Included Papers

3.1 PAPER I: Deep learning prediction models based on EHR
trajectories

3.1.1 Aim and Scope

This paper presents a systematic review of Deep Learning (DL) methods for predict-
ing patient outcomes from longitudinal electronic health record (EHR) trajectories,
with the goal of identifying challenges, knowledge gaps, and active research direc-
tions in reliability, data efficiency, and explainability.

3.1.2 Search Strategy and Inclusion

Titles, abstracts, and keywords were searched across Scopus, PubMed, IEEE Xplore,
and the ACM Digital Library (January 2016–April 2022) using terms centered on
EHR trajectories, DL, and disease prediction. After removing duplications and
screening against three eligibility criteria (use of DL; longitudinal/trajectory aspect;
prediction of patient health outcomes), 63 studies were included.

The most frequent targets were “all diagnoses at the next visit” and cardiovas-
cular outcomes; diabetes and kidney disease were also common. Mortality and
readmission were the dominant non-disease tasks.

3.1.3 Methods Landscape

We synthesize five recurring stages in EHR–DL pipelines and the main solutions
reported:

1. Preprocessing. Standardization (e.g., FHIR/OpenEHR), bucketing visits,
handling missingness (e.g., Bi-GANs, dropout), and reducing code granular-
ity are widely used to address heterogeneity, sparsity, and irregular sampling.

2. Data aggregation. The dominant pattern is to (i) reduce the granularity of
medical codes or convert codes to their text names, then merge them with
features extracted from clinical notes; (ii) represent codes/text as multi-hot or
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one-hot sequences (treating a visit as a “sentence”); and (iii) aggregate struc-
tured signals (labs, vitals, demographics) directly and include time-between-
visits as an explicit feature. Most papers either concatenated all inputs into
a single embedding layer or used modality-specific embeddings followed by
late fusion/projection into a shared subspace; recent work also trains cross-
modal alignment models. Feature extraction from text typically used NER,
topic models (LDA/NMF), or pre-trained embeddings. Beyond that fusion,
some studies encode EHRs as graphs (e.g., diagnosis–medication–test depen-
dencies, patient–diagnosis, and diagnosis–patient–lab), enabling inner- and
cross-modality relations to be leveraged in downstream models.

3. Representation learning. Two concrete strategies dominate. Fully super-
vised, end-to-end models learn representations during task training (often re-
lying on co-occurrence), and were frequently instantiated with RNN variants
for temporal coherence (bi-GRU, LSTM, T-LSTM), and CNNs/GNNs to cap-
ture intra-visit structure. Pre-train & fine-tune methods build representations
via self-/unsupervised tasks (e.g., Skip-gram, NMF/autoencoders/VAEs, GNNs,
BERT-inspired transformers) before downstream adaptation; these better ad-
dress data insufficiency.

4. Data insufficiency. Two main Approaches were: (i) Transfer learning—multi-
task setups and weight transfer across similar datasets/tasks—to initialize
from richer sources. (ii) External medical knowledge—injecting ontolo-
gies/graphs (ICD/ATC trees, knowledge graphs), posterior regularization, or
learning with privileged information—to guide representation learning and
upweight rare conditions (e.g., ancestors in ICD). Synthetic data is noted as
a complementary option.

5. Explainability. Three families are used, each with limits. (i) Time-attention
highlights which visits drive predictions but are sensitive to preprocess-
ing/visit embeddings and cannot localize intra-visit drivers. (ii) Self-attention
visualizations reveal interactions among diseases/interventions across visits
but do not directly attribute outcomes. (iii) Embedding-space plots show
clustering/representation quality rather than direct contribution.

3.1.4 Trends and Gaps

Recent work increasingly adopts self-supervised and language-model-inspired meth-
ods, multi-modal learning, and GNNs for both performance and transparency. At
the same time, benchmarking remains limited by the scarcity of public trajectory
datasets (with a heavy reliance on ICU-focused MIMIC), and few models jointly
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address heterogeneity, temporal irregularity, intra-visit structure, label scarcity, and
interpretability within a single framework.

3.2 PAPER II: Trajectory-Ordered Objectives (TOO-BERT)
for Self-Supervised Representation Learning of Temporal
Healthcare Data

3.2.1 Aim and Contribution

This paper introduces TOO -BERT, a transformer-based pretraining framework that
augments masked language modeling (MLM) with a trajectory-order objective
(TOO) designed to explicitly encode temporal coherence in electronic health record
(EHR) trajectories. TOO -BERT is pretrained to discriminate whether a sequence
is in its true temporal order or a permutation, at both the code and visit levels.
This objective complements MLM by injecting explicit temporal structure and
encouraging the encoder to model order-sensitive dependencies.

3.2.2 Method Overview

Objectives. We pretrain a transformer with two complementary self-supervised
objectives: MLM loss to learn context, and a contrastive trajectory–order objective
(TOO) to learn order-sensitive dependencies (Fig. 3.1).

We apply permutations at two granularities (i) code swapping within a patient
across visits, and (ii) visit swapping that exchanges entire visits.

Conditional permutations. To bias learning toward more plausible, asymmet-
ric transitions, we introduce conditional variants that prioritize frequently observed
temporal relations. For codes 𝑐𝑖 , 𝑐 𝑗 observed in different visits, the conditional
code–swapping score CCS(𝑐𝑖 , 𝑐 𝑗) upweights pairs where 𝑐𝑖 tends to follow 𝑐 𝑗 :

CCS(𝑐𝑖 , 𝑐 𝑗) ∝ max
(
CCnt(𝑐𝑖 , 𝑐 𝑗) −CCnt(𝑐 𝑗 , 𝑐𝑖), 0

)
+ 𝜀,

where CCnt(𝑐𝑖 , 𝑐 𝑗) counts occurrences with 𝑐𝑖 after 𝑐 𝑗 across the corpus, and 𝜀
ensures exploration. Pairs with larger CCS are sampled more often during swapping.
For visits 𝑣𝑥 , 𝑣𝑦 , conditional visit–swapping aggregates code-level relations:

CVS(𝑣𝑥 , 𝑣𝑦) =
∑︁
𝑐𝑖∈𝑣𝑥

∑︁
𝑐 𝑗 ∈𝑣𝑦

CCS(𝑐𝑖 , 𝑐 𝑗),

so visit pairs with higher CVS are preferentially swapped.
A compact transformer encoder receives token embeddings augmented with

visit-index embeddings. Two classifier heads are used during pretraining. For
downstream tasks, a Bi-GRU classifier is stacked on top of the pre-trained encoder.
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Figure 3.1: Trajectory order objective-BERT (TOO-BERT) architecture for an exam-
ple patient trajectory.

Data and Tasks (i) MIMIC -IV (hosp): ∼173 k patients, and ∼10.6 M medical
codes; (ii) Malmö Diet and Cancer (MDC): ∼30 k individuals, and ∼7.6 M medical
codes. Downstream tasks included prediction of Heart Failure (HF) incidence,
Alzheimer’s Disease (AD) incidence (MDC), and prolonged length of stay (PLS).

3.2.3 Key Results

Downstream performance. TOO -BERT improves over strong baselines across
datasets and tasks. On MDC (longer trajectories), visit-level ordering was most
beneficial: MLM + TOOCVS achieved AUCs of 0.739 (HF) and 0.719 (AD), out-
performing MLM-only (HF 0.677; AD 0.695). On MIMIC, code-level ordering
yielded the best HF result: MLM + TOOCCS reached AUC 0.898 vs. 0.862 (MLM-
only). PLS prediction remained challenging.
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Attention analysis. Visualization showed that MLM-only models concentrated
attention near the most recent visits, whereas TOO -BERT exhibited richer patterns.

3.3 PAPER III: A Masked language model for multi-source
EHR trajectories

3.3.1 Aim and Contribution

The paper proposes a self -supervised representation learning scheme for longitu-
dinal, multi -source EHR (diagnoses, medications), targeting two core challenges:
(i) capturing long/short -term temporal dependencies and (ii) modeling interactions
across sources (e.g., how medications relate to diagnoses) to improve downstream
clinical prediction.

3.3.2 Method overview

The approach pretrains a transformer encoder with a two -step masking strategy
(Fig.3.2). First, a standard MLM step randomly masks a proportion of tokens
along a patient trajectory to learn contextual dependencies. Second, a cross -
source masking step masks some medical codes only from one source (e.g., ICD10)
and trains the model to reconstruct it from the remaining sources (e.g., ATC). It
encourages the encoder to learn inter -source relationships. After pretraining, the
model is fine-tuned to predict the incidence of Heart Failure (HF)in the Malmö Diet
and Cancer (MDC) cohort. The learned representations are evaluated by fine -tuning
to predict heart failure (HF) at the next visit.

Figure 3.2: Learning the effective representation of multi-source patient trajectories
by a two-step Masking MLM and a multi-head transformer encoder
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3.3.3 Key Results

The two -step masked LM achieves the best performance AUC 0.919 (±0.006),
surpassing the simple MLM +Bi -GRU baseline (0.909 ±0.002)

3.4 PAPER IV: Adaptive noise-augmented attention (ANAA)
for enhancing Transformer fine-tuning

3.4.1 Aim and Contribution

This paper proposes Adaptive Noise -Augmented Attention (ANAA), a fine -
tuning augmentation technique for pretrained Transformer encoders on longitudinal
EHR. ANAA perturbs self -attention scores with adaptive Gaussian noise and then
smooths them by a 2D Gaussian kernel, encouraging exploration of alternative
dependencies while preserving coherent structure. Across multiple clinical predic-
tion tasks (HF, AD, PLS), ANAA yields consistent AUC gains, particularly under
label scarcity, and reshapes attention from near -binary weights to richer, more
informative distributions.

3.4.2 Method Overview

Let 𝐴ℎ= softmax(𝑄ℎ𝐾ℎ⊤/
√
𝑑𝑘) be the attention matrix for head ℎ. ANAA forms

an augmented attention

𝐴̃ℎ =
(
𝐴ℎ +N(𝜇,𝜎2

𝐺𝑁 )
)
∗ 𝐺𝜎𝑒ℎ ,

where 𝜇 and 𝜎𝐺𝑁 are the mean and standard deviation of 𝐴ℎ (computed per head),
∗ denotes 2D convolution, and 𝐺𝜎𝑒ℎ is a Gaussian kernel with bandwidth (“event
horizon”) 𝜎𝑒ℎ. The resulting self -attention output is 𝐻̃ℎ = 𝐴̃ℎ𝑉ℎ, and multi -head
outputs are concatenated as usual. During inference, stochasticity is removed by
replacing noise with its expectation 𝜇:

𝐴̃ℎtest =
(
𝐴ℎ + 𝜇

)
∗𝐺𝜎𝑒ℎ .

Algorithm 1 details the fine -tuning loop.

3.4.3 Key Results

ANAA improves pretrained Transformers across cohorts and tasks: on MDC, HF
from 72.2±2.5 to 74.5±2.9, AD from 72.2±1.1 to 73.2±0.3 on MIMIC, HF from
85.2±1.1 to 87.2±0.4.
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Algorithm 1 Fine-tuning Transformer Encoder with ANAA

Input: 𝐷fine-tuning = {(𝑋𝑖 , 𝑦𝑖)}𝑁1 tokenized dataset, embedding layer emb(·),
attention score matrix 𝐴ℎ, normal noise N(𝜇,𝜎2

GN), two-dimensional Gaussian
noise 𝑛𝜎eh , rest of the model 𝑓 (·)
Parameter: Normal noise 𝜇,𝜎2

GN calculated from 𝐴ℎ, event horizon hyperpa-
rameter 𝜎eh (adjust based on data characteristics)

1: Initialize 𝜃 from a pre-trained model
2: repeat
3: Sample (𝑋𝑖 , 𝑦𝑖) ∼ 𝐷fine-tuning
4: 𝑋emb← emb(𝑋𝑖)
5: for each Attention Head 𝐴ℎ in Transformer Block do
6: 𝐴ℎ (𝑋attn) ← 𝐴ℎ (𝑋emb) +N(𝜇,𝜎2

GN)
7: 𝐴ℎ (𝑋attn) ← Convolve(𝐴ℎ (𝑋attn), 𝑛𝜎eh)
8: 𝐻ℎ (𝑋attn) ← 𝐴ℎ (𝑋attn)𝑉
9: end for

10: MultiHead(𝐻) ← concat(𝐻0(𝑋attn), . . . , 𝐻ℎ (𝑋attn))
11: 𝑦̂𝑖← 𝑓 (MultiHead(𝐻))
12: 𝜃← opt(𝜃, loss( 𝑦̂𝑖 , 𝑦𝑖))
13: until Stopping criteria met or maximum iterations reached

Few -shot robustness. With only 50%, 20%, or 10% of fine -tuning data, HF
prediction gains persist (about 3% points on MIMIC across all sizes); on MDC,
gains hold to 50% and diminish at very small sizes due to few positives.

Where to perturb? Against embedding/feed-forward layers perturbations (NEF-
Tune; HyPe -style), ANAA achieves the best AUC on both MDC and MIMIC,
suggesting that operating in attention space is more effective for EHR sequences.

Attention Behavior Histograms over heads (Fig. 3.3) show vanilla fine -tuning
produces near -binary attention (mass near 0 or 1). Noise injected Attention (RNA)
broadens the distribution; ANAA broadens and stabilizes it, yielding smoother,
overlapping attention patterns. ANAA first perturbs each head with variance -
scaled Gaussian noise (broadening discrete spikes into continuous modes), then
applies Gaussian convolution as a data -adaptive low -pass filter that suppresses
high -frequency artifacts and links neighboring tokens. Analytically, this acts like a
structured, variance -scaled drop -connect regularizer directly on attention scores,
unlike DroAttention regularizer, driving exploration without breaking essential de-
pendencies.
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Figure 3.3: Comparison of the impact of ANAA on self-attention score distributions
in fine-tuned models. Attention scores from each head are individually scaled to the
[0, 1] range before plotting their distributions.

3.5 PAPER V: Group-Sparse Manifold-Aware Integrated Gra-
dients

3.5.1 Aim and Contribution

This paper revisits Integrated Gradients (IG) for multimodal Transformers operat-
ing in embedding space and introduces two modifications: (i) a manifold -aware
baseline built from empirical mean embeddings (to keep IG paths near high -
support regions), and thus produce more faithful explanations; (ii) Group -Sparse
IG (GS -IG), which re -parameterizes the IG path schedule to generate token -level
sparse attributions which more concise. On MIMIC -IV (incident heart failure)
and MDC (early mortality), the manifold -aware baseline improves faithfulness
(Comprehensiveness↑, Sufficiency↓), and GS -IG reduces token -level ℓ2,1 sparsity
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by ∼5–18% with negligible change in those metrics.

3.5.2 Method Overview

IG Let 𝐹 : R𝑑→R denote a trained neural network whose scalar output we wish
to explain; Given a baseline 𝑥′ and a path 𝛾(𝑡) from 𝑥′ to 𝑥, IG attributes feature 𝑖
as

IG𝑖 (𝑥;𝑥′, 𝛾) =
∫ 1

0

𝜕𝐹 (𝛾(𝑡))
𝜕𝛾𝑖 (𝑡)

𝜕𝛾𝑖 (𝑡)
𝜕𝑡

𝑑𝑡,

In practice, the integral is approximated by a Riemann sum over 𝐾 points.

Manifold -aware baseline. As the IG baseline, we use the position -wise mean
input embedding computed on the validation set, which keeps the IG path near
high -support regions of the embedding space. For modality 𝑚, let 𝐸 (𝑚)𝑛 denote the
embeddings of the validation sequence, EHR trajectory, 𝑛 (obtained by passing the
sequence through the encoder). We define the empirical mean

𝜇 (𝑚) =
1
𝑁

𝑁∑︁
𝑛=1

𝐸
(𝑚)
𝑛 ,

and use 𝜇 (𝑚) as the baseline for that modality; for tabular features we use fea-
ture -wise means. This semantically grounded choice keeps the IG interpolation
points close to typical sequences, reducing noisy gradient accumulation. Empiri-
cally, the mean -embedding baseline lies closer to the validation embedding cloud
(smaller Euclidean/Mahalanobis distances and higher KDE log -density) than other
heuristics.

Group -Sparse IG (GS -IG). GS-IG produces compact, token-level explanations
by re-parameterizing the IG path’s speed/schedule and selecting its schedule to
encourage group sparsity across each token’s embedding coordinates. Keep the
straight geometry, we replace the straight-line schedule 𝛼(𝑡) = 𝑡 with

𝛾𝜃 (𝑡) = 𝑥′+𝛼𝜃 (𝑡) (𝑥− 𝑥′), 𝛼𝜃 (𝑡) = 𝑡 𝜃 , 𝜃 ∈ [0.1,5.0],

where the exponent 𝜃 smoothly interpolates between baseline-biased (𝜃 > 1) and
input-biased (𝜃 < 1) trajectories.

Let ÎGemb(𝑥, 𝑥′;𝜃) ∈ R𝐿×𝑑𝑒 be the embedding -space IG matrix; define token
saliency 𝑠 𝑗 = ∥ÎGemb [ 𝑗 , :] ∥2 and select 𝜃★ per input by minimizing an ℓ2,1, Group
Lasso

L(𝜃) = 𝜆grp

𝐿∑︁
𝑗=1
𝑚 𝑗



ÎGemb [ 𝑗 , :]




2,
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promoting token -level sparsity (entire rows shrink to zero). 𝑚 𝑗 ∈ {0,1} masks
out padding/special tokens.A small Bayesian search over 𝜃 (e.g., 𝑇=10) used in
practice.

We used A multimodal Transformer pre -trained with TOO -BERT and fine -
tuned per task; faithfulness is evaluated with Comprehensiveness (Comp; removal
test) and Sufficiency (Suff; keep -only test).

3.5.3 Key Results

Manifold -aware baseline improves faithfulness. On sequential data, IG( mean -
embedding ) achieves higher Comp and lower Suff than common heuristics on both
MDC and MIMIC -IV (e.g., MDC: Comp 0.244 vs. 0.205 for MASK -all; Suff 0.022
vs. 0.030). More broadly, the manifold -aware baseline outperforms alternatives
across 𝑘 ∈ {10, . . . ,50} and across modalities.

GS -IG yields concise token lists with minimal cost to fidelity. Optimizing
𝜃 reduces token -level group sparsity by ≈5–18% across baselines while leaving
Comp/Suff essentially unchanged. Qualitative panel (Fig. 3.4) shows fewer active
codes and crisper token sets with GS -IG.

3.6 PAPER VI: From Individual Attributions to Population
Risk: Identifying Key Drivers of Longevity and Early
Mortality from Longitudinal EHR Data

3.6.1 Aim and Contribution

Individual-level explanations are useful for case review, but do not directly answer
cohort-level questions about which factors consistently drive risk across a popula-
tion (RQ5). This paper introduces a population-level explanation framework for
longitudinal EHR models by aggregating individual IG attributions across patients
to identify robust risk and protective factors for early mortality and exceptional
longevity. The key contribution is a set of complementary global attribution defini-
tions that capture both (i) magnitude-based importance (overall sensitivity) and (ii)
direction-aware importance (risk- vs. protective effects), together with a consensus
procedure that stabilizes feature rankings across multiple trained model instances
and aggregation schemes, yielding cohort-level insights suitable for system-level
analysis.

30



Figure 3.4: Qualitative comparison for a held-out patient from the MDC cohort
predicted as early death. Top: IG with [MASK]-all baseline; Middle: IG with
(manifold-aware) baseline; Bottom: GS-IG (manifold-aware + group sparsity). Each
panel shows medical-code attributions over time and reports the number of active
codes (non-zero attribution). Here, GS-IG reduces active codes from 35 to 19 (vs. the
middle panel), yielding a sparser, more readable list of decisive factors. Red indicates
contributions toward early death; blue indicates contributions toward long life.

3.6.2 Method Overview

Signed IG at the patient level. For each patient trajectory, we compute IG at-
tributions and map them to (i) longitudinal medical codes (e.g., diagnoses and
medications) and (ii) baseline phenotype/lifestyle features. Attributions are signed
so that positive vs. negative contributions indicate whether a feature pushes the pre-
diction toward vs. away from the target outcome (e.g., early mortality). Figure 3.5
illustrates a representative long-life case, showing explanations for the longitudinal
trajectory.

Global importance via cohort aggregation. To translate individual explanations
into population summaries, we aggregate patient-level attributions into global scores
using multiple definitions: (i) magnitude-based importance (absolute attribution)
to measure overall sensitivity, and (ii) direction-aware importance that separates
positive and negative contributions to distinguish features that consistently push
toward versus against the target outcome.
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Figure 3.5: Patient-level Integrated Gradients (IG) explanation for long-life prediction
(2-year window): correctly predicted long life. Bars show token attributions for the
longitudinal ICD/ATC trajectory in temporal order (positive vs. negative contributions
toward the long-life class). Dashed vertical lines separate visits. The green curve
shows the net sum of attributions within each visit.

Robust consensus across model and aggregation variability. Because global
rankings can vary with model initialization and aggregation choice, we perform a
consensus analysis by combining rankings obtained from multiple trained model
instances and aggregation schemes. Features that repeatedly emerge as important
are prioritized, producing a stability-focused set of cohort-level drivers.

3.6.3 Key Results

Stable cohort-level drivers from individual explanations. Across outcomes, the
proposed global attribution definitions recover coherent, direction-aware population-
level feature sets, demonstrating that individual attributions can be translated into
meaningful cohort-level summaries.

Consensus reduces sensitivity to modeling and aggregation choices. Com-
bining rankings across multiple trained model instances and aggregation schemes
yields more robust, reproducible feature importance lists than any single aggre-
gation alone, supporting reliable cohort-wide interpretation beyond single-patient
explanations.
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3.7 PAPER VII: A decoupled alignment kernel for peptide
membrane permeability predictions

3.7.1 Aim and Contribution

In small–to–medium datasets of molecular sequences, we need models that de-
liver both strong predictive performance and trustworthy uncertainty. This paper
addresses the need for membrane permeability of cyclic peptides by introducing
a monomer–decoupled global alignment kernel (MD–GAK) for Gaussian pro-
cesses (GPs). We represent each peptide as a sequence of monomers (residues)
and introduce the MD–GAK to compare two peptides. Unlike the global align-
ment kernel, it decouples the penalty for warping (gaps or insertions) from the
contribution of chemical matches. Concretely, local matches are scored with a
chemistry–aware kernel (Tanimoto on Morgan fingerprints), while gap propagation
is handled separately in the dynamic program. Combined with GP classification,
this yields calibrated probabilistic predictions and improved discrimination un-
der leakage-controlled evaluation on CycPeptMPDB—providing reliable “what the
model knows” estimates in the data-constrained regime. We proved that MD–GAK
is a valid kernel.

Motivation: limits of pretrain–fine–tune for peptides. While the pretrain fine–tune
paradigm (e.g., chemical language models trained on large unlabeled corpora and
adapted to downstream property prediction) has shown promise, it can underper-
form in small/medium peptide sequences datasets due to (i) distribution mismatch
(pretraining often targets small molecules or linear peptides, whereas cyclic peptides
have distinct topology, stereochemistry, and monomer vocabularies), (ii) objective
mismatch (self–supervised text/SMILES objectives do not align with permeability
mechanisms), and (iii) data scarcity during adaptation, which increases overfit-
ting and degrades calibration. Our kernel–GP approach addresses these issues by
operating directly on monomer sequences with a chemistry–aware local similarity
and an alignment mechanism tailored to sequence structure, yielding strong dis-
crimination with calibrated uncertainties without relying on large-scale pretraining.

3.7.2 Method Overview

Monomer representation and local similarity. Each cyclic peptide is repre-
sented as an ordered sequence of monomer SMILES; every monomer is encoded
by Morgan fingerprint, and local chemistry between monomers is compared with
the (PSD) Tanimoto similarity kernel 𝜅0:

𝜅0
(
𝜙(𝑠), 𝜙(𝑡)

)
=

⟨𝜙(𝑠), 𝜙(𝑡)⟩
∥𝜙(𝑠)∥1+ ∥𝜙(𝑡)∥1− ⟨𝜙(𝑠), 𝜙(𝑡)⟩

.
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Decoupled global alignment (MD–GAK). Let 𝐴= (𝑠1, . . . , 𝑠𝑛) and 𝐵= (𝑡1, . . . , 𝑡𝑚).
MD–GAK sums over all monotone alignments but decouples match contributions
from gap propagation:

𝑀0,0=1, 𝑀𝑖,0=𝑀0, 𝑗=0, 𝑀𝑖, 𝑗 = 𝜅0
(
𝜙(𝑠𝑖), 𝜙(𝑡 𝑗)

)
𝑀𝑖−1, 𝑗−1 + 𝑀𝑖−1, 𝑗 + 𝑀𝑖, 𝑗−1,

and 𝐾MD-GAK(𝐴, 𝐵) = 𝑀𝑛,𝑚 (optionally cosine-normalized). Intuitively, chemistry
𝜅0 affects only diagonal (match) steps, while gaps accumulate independently; this
avoids extinguishing paths at poor local matches and reduces sensitivity to isolated
mismatches. We proved 𝐾MD-GAK is positive semidefinite if 𝜅0 is PSD.

Gaussian-process classification. MD–GAK serves as the GP covariance; binary
permeability (PAMPA threshold 𝑃≥−6) is modeled with a logistic likelihood and
Laplace approximation, yielding calibrated posteriors. We compared MD–GAK
against the global alignment kernel, tree-based models, the chemical language model
ChemBERTa, and strong graph-, string-, and image-based benchmark models.

Data and Evaluation Protocols Experiments use CycPeptMPDB (PAMPA as-
say) with careful neear duplicate control and two complementary settings: (A)
applicability-domain–awar with (i) label-stratified and (ii) canonical-group–stratified
folds to curb leakage; (B) a length-focused subset (6/7/10-mers) under random vs.
scaffold splits, mirroring recent benchmarks. Metrics include ACC, F1, ROC–AUC,
Brier score, and Estimated Calibration Error (ECE).

3.7.3 Key Results

Setting A: label-stratified nested CV. MD–GAK GP attains the strongest thresh-
old metrics among GPs and vector baselines: ACC 83.0 ± 0.5, F1 73.7 ± 0.9,
ROC–AUC 87.8±0.7, with competitive calibration (Brier 14.30±0.46, ECE 12.31±
1.61). Tree ensembles have decent calibration but lower AUC.

Setting A: canonical-group–stratified nested CV (harder). Removing near-
duplicates reduces performance across models; MD–GAK remains strong (ACC
80.1±1.4, F1 67.8±4.4, ROC–AUC 84.7±1.0).

Setting B: length-focused 6/7/10-mers. On both random and scaffold splits, the
MD–GAK GP achieves top ROC–AUC (random: 88.8±0.2; scaffold: 79.8±0.0),
exceeding strong graph baselines (e.g., AttentiveFP random 86.2± 1.8, MPNN
scaffold 73.4± 8.7) and showing a smaller degradation from random→scaffold,
suggesting better robustness to distribution shift.
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4. Concluding Remarks and Future
Work

4.1 Concluding remarks

In this thesis, we set out to address a central question:

How can we improve prediction and provide trustworthy explanations
for adverse health outcomes by modeling longitudinal EHR trajecto-
ries?

Starting from a systematic review of deep learning on EHR trajectories, the work
has progressed along two tightly connected tracks: (i) improving representation
learning and fine-tuning of foundation-style models on longitudinal, multi-source
EHR data under realistic data constraints; and (ii) developing methods for local
explanations and uncertainty quantification that make such models more transparent
and trustworthy.

Summary of answers to the research questions

RQ1: Temporal order. TOO-BERT (Paper II) augments MLM with a trajectory-
order objective that discriminates between correctly ordered and permuted trajec-
tories at the code and visit level. By using more plausible permutations, the model
learns order-sensitive dependencies and complements the learned context by MLM.
This improves downstream AUCs on both MIMIC-IV and MDC and yields richer at-
tention patterns across the full trajectory. Temporal order thus provides an effective
auxiliary pretraining signal.

RQ2: Robust fine-tuning. To improve fine-tuning under realistic issue of label
scarcity, ANAA (Paper IV) perturbs attention scores with adaptive Gaussian noise
and then smooths them with a 2D Gaussian kernel. This broadens overly sharp
attention distributions while preserving structure, leading to more informative at-
tention maps and higher AUCs. Operating directly in attention space provides
a straightforward, architecture-preserving method to stabilize fine-tuning without
incurring additional inference costs.
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RQ3: Cross-source dependencies. For multi-source trajectories, Paper III ex-
tends MLM with a source-masked prediction step, where masked contents from
one source (e.g., ICD) must be reconstructed from other sources (e.g., ATC). This
forces the model to encode disease–intervention and cross-source relations rather
than treating modalities independently. On next-visit heart failure prediction in
MDC, this two-step masking improves the model’s performance.

RQ4. Concise and faithful token-level explanations. Paper V revisits Inte-
grated Gradients for embedding-based EHR trajectories models. A manifold-aware
baseline, defined from empirical mean embeddings, keeps IG paths in high-density
regions and improves faithfulness. Group-Sparse IG (GS-IG) then adjusts the path
schedule to induce token-level sparsity, yielding concise attributions. These sparse,
manifold-aware explanations are well-suited for aggregation across patients to reveal
common risk patterns.

RQ5: From individual attributions to population-level explanations. While
feature-level explanations support case-based interpretation, they do not directly
provide cohort-level insight. Paper VI introduces a population-level explanation
framework that aggregates Integrated Gradients attributions across patients to iden-
tify stable cohort-level features whose attributions consistently push toward versus
against early mortality and exceptional longevity. By combining magnitude-based
and direction-aware global attribution measures with a consensus ranking across
multiple trained model instances and aggregation schemes, the method produces
robust cohort-level drivers and reduces sensitivity to modeling and aggregation
choices.

RQ6: Uncertainty in small/medium sequence datasets. Paper VII studies mem-
brane permeability of peptides and proposes the Monomer Decoupled Global Align-
ment Kernel (MD-GAK) within a Gaussian process classifier. By decoupling chem-
ical similarity from gap penalties in the alignment dynamic program, MD-GAK
captures sequence-sensitive structure while remaining robust to local mismatches.
The resulting GP achieves competitive accuracy and well-calibrated uncertainty on
multiple evaluation protocols, illustrating that domain-informed kernel–GP mod-
els are a strong alternative to pretrain–fine-tune pipelines in data-limited sequence
settings.

Broader contributions and lessons learned

Beyond the individual research questions, the thesis offers a broader perspective on
foundation-style modeling for longitudinal EHR:
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• EHR-specific pretraining matters. In longitudinal EHR, data are complex
and scarce, so naive MLM-style pretraining is often insufficient. By designing
self-supervised objectives that exploit the structure of trajectories—such as
temporal-order objectives (TOO-BERT) and cross-source masking— we can
enrich the pretraining stage, learn more robust representations, and enhance
downstream performance.

• Attention is both a modeling tool and a regularizer. Self-attention is
central for capturing dependencies in patient trajectories, but naive fine-tuning
can yield brittle, near-binary attention maps. Augmenting attention scores
directly, as in ANAA, provides a simple way to regularize these patterns and
expose the model to more diverse views of the data.

• Explanation quality depends on geometry. Integrated Gradients is a pow-
erful, axiomatically grounded method for explaining deep models, but for
embedding-based architectures, its behavior is highly sensitive to how attri-
bution paths traverse representation space. In this thesis, we treat the choice
of baseline and path as degrees of freedom that can be optimized so that IG
attains the desired properties for the specific task: by using sparse manifold-
aware baselines and path schedules that better follow the data distribution,
we substantially improve both the fidelity and the practical interpretability
of token-level attributions, bringing them closer to what is needed in real
clinical settings.

• Small data and uncertainty warrant dedicated methods. While foun-
dation models excel in high-data regimes, this thesis shows that in small-
to medium-sized sequence datasets, kernel-based probabilistic models with
domain-informed similarity functions can deliver not only competitive accu-
racy but also calibrated uncertainty estimates that are crucial for risk-aware
decision-making.

• Systematic understanding of the field is a prerequisite. The systematic
review in Paper I provided the conceptual “map” for this thesis, identifying
recurring challenges—heterogeneity, temporal irregularity, data scarcity, and
limited explainability—that guided the subsequent methodological contribu-
tions. It also underscored gaps in benchmarking and evaluation that remain
obstacles for community-wide progress.

Taken together, the thesis demonstrates that substantial gains in both perfor-
mance and trustworthiness can be achieved not by ever larger models, but by align-
ing objectives, fine-tuning strategies, and explanation methods with the specific
structure and constraints of EHR trajectories.
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Limitations

Several limitations of this work should be acknowledged. First, most empirical
evaluations are based on a small number of cohorts (MIMIC-IV and a Swedish
regional registry), with specific healthcare practices and coding standards. Although
these datasets are diverse in population and setting, the generalizability of the
proposed methods to other countries, health systems, and coding schemes remains
to be tested systematically.

Second, the focus has been on structured, code-based trajectories (ICD, ATC),
with only limited integration of other modalities. While the methods are, in prin-
ciple, extensible to richer multimodal inputs (e.g., such as free text, imaging, or
high-frequency physiological signals), their behavior and benefits need further in-
vestigation.

Third, the evaluation of explanation methods relies primarily on proxy metrics
(comprehensiveness, sufficiency) and qualitative case studies. These are necessary
but not sufficient proxies for clinical usefulness. User studies with clinicians, as
well as prospective assessments of whether explanations improve decision-making,
are outside the scope of this thesis.

Fourth, the uncertainty quantification work is demonstrated on molecular rather
than EHR data. The conceptual insights carry over, but a direct integration of
kernel–GP heads or conformal wrappers with EHR Transformers would be needed
to fully realize the potential of calibrated uncertainty in the clinical trajectory setting.

Finally, most methods are evaluated in retrospective, offline prediction scenarios.
Issues such as deployment in real-time systems, updating models over time, and
handling changing data distributions are not addressed here and remain important
challenges for future work.

Future directions

Building on the contributions of this thesis, several directions appear particularly
promising:

• Richer multimodal trajectories. Extending order-aware and source-masked
pretraining to settings that include free-text notes, imaging features, and sen-
sor data could enable models that better reflect the full information available
in clinical practice.

• Federated and privacy-preserving pretraining. Combining the proposed
objectives with federated or distributed learning frameworks would allow
leveraging multi-institutional data while respecting privacy and governance
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constraints, and would directly address challenges around dataset shift and
external validation.

• Integrated uncertainty and explanation. Bringing together GS-IG style
explanations with calibrated uncertainty (e.g., via GP heads or conformal
prediction) could support interfaces that present not only “why” a prediction
was made, but also “how sure” the model is, in a way that is actionable for
clinicians.

• Human-in-the-loop evaluation. Finally, embedding these methods in inter-
active tools and studying how clinicians use them in practice—what they find
trustworthy, confusing, or useful—will be essential for translating method-
ological advances into real-world impact.

In conclusion, this thesis demonstrates that modeling longitudinal EHR trajec-
tories with foundation-style architectures is not only a question of scale, but also a
question of design. By tailoring pretraining objectives, fine-tuning strategies, and
explanation methods to the particularities of clinical data, we can move towards
models that are more accurate, more data-efficient, and more transparent. Such
models bring us a step closer to the overarching goal: using EHR trajectories to
anticipate adverse outcomes in time to intervene, while providing clinicians with
explanations and confidence estimates they can understand, inspect, and act upon.
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